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Abstract

We propose a one-factor model that summarizes the cross-sectional variation in
expected night-minus-day (NMD) stock returns. Our constructed pricing factor — the
NMD returns on a high Sharpe ratio NMD trading strategy — has substantial exposure
to the dominant common risks in the NMD return space, consistent with the absence
of near-arbitrage opportunities. Furthermore, the factor premium is related to retail
trading demand at the market open and the required returns from liquidity provision.
Our findings are consistent with an economic equilibrium in which liquidity providers

require compensation for accommodating sentiment-driven demand.
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Stock return predictability is a subject of intense interest for finance practitioners and
academics. In a recent literature, researchers document more than a dozen characteris-
tics that predict the cross-section of night-minus-day (NMD) stock returns, defined as the
difference between a stock’s overnight and intraday returns (e.g., [Berkman, Koch, Tuttle,
and Zhang (2012), Lou, Polk, and Skouras (2019), and Hendershott, Livdan, and Rosch
(2020)). Moreover, the predictive power of these stock characteristics for NMD returns can-
not be explained by standard factor models (e.g., Fama and French (2015)); [Hou et al.| (2015));
Stambaugh and Yuan| (2017); Daniel et al| (2020) [ As a first step towards understanding the
pricing of these expected NMD returns, we propose a parsimonious one-factor model that
summarizesthe cross-sectional variation in expected NMD returns. We then use our proposed
NMD pricing factor to examine the economic sources of these NMD return predictabilities.

To achieve our first objective of developing a factor model for explaining NMD returng?
we start by spanning the NMD return space using long-short zero-investment portfolios
sorted on the 17 stock characteristics examined by [Lou, Polk, and Skouras (2019) (LPS)[]
We then utilize two approaches to construct the NMD pricing factor. First, we implement
the Bayesian estimator of the stochastic discount factor (SDF) proposed by |[Kozak, Nagel,
and Santoshl (2020), which is shown to guard against the in-sample overfitting associated
with the conventional SDF estimator and performs well in out-of-sample pricing tests. We
hereafter refer to this specification of the pricing factor as NMD SDF. Second, in the
spirit of [Stambaugh and Yuan (2017), we combine the predictive information for NMD
returns from all 17 LPS signals into a composite characteristic-based score (C'S) using the
regression approach used in |Lewellen (2015). Following the long-time standard approach
of constructing characteristic-based factors, we construct the long-short portfolio sorted on
CS (hereafter, NMD CS) and use it an alternative specification of the pricing factor [ The

1See Table

ZSince our goal is to understand deviations from the capital asset pricing model (CAPM) in the cross-
section of expected NMD returns, unless otherwise stated, all returns hereafter are market-adjusted returns.
See Section [I| for empirical details.

3Lou, Polk, and Skouras| (2019) is the most comprehensive study of the cross-section of NMD returns so
far in the literature. Other work include [Hendershott, Livdan, and Rosch|(2020) which extensively study the
relation between the NMD returns and the market beta, [Berkman, Koch, Tuttle, and Zhang] (2012)) which
look into the relation between the NMD returns and the squared stock returns, and Bogousslavsky| (2021))
which documents the relation between the NMD returns and the anomaly characteristics used in |[Stambaugh
and Yuan (2017)).

*The long-short portfolio sorted on C'S can also be interpreted as an approximation of the SDF if all
stocks equally contribute to the NMD return covariance matrix. See Section [2| for more detailed discussions.



virtue of NMD CS is that it is constructed using only prevailing information. These two
specifications represent two distinct methodologies in a large and growing literature on factor
modeling: the first specification imposes the asset pricing restriction linking expected NMD
returns to NMD return covariance, whereas the second specification does not. Our approach
of using these two specifications is to ensure that our key takeaways are robust to reasonable
variations in methodology.

Next, we examine the ability of our proposed NMD pricing factor for explaining the
cross-sectional variation in the average NMD returns of the 17 LPS portfolios. Consistent
with the notion that the SDF is the maximum sharpe ratio portfolio in the payoff space, we
find that NMD SDF and NMD CS have Sharpe ratios of 5.0 and 4.4, respectively, which is
higher than that of any of the LPS portfolios. Moreover, the average absolute alpha and the
corresponding average absolute t-statistic under our one-factor model based on NMD SDF
(NMD CS) is 76.6% and 80.0% (60.6% and 67.2%) smaller than the corresponding quantities
under CAPM. The one-factor model based on NMD SDF (NMD CS) explains 94% (84%) of
the cross-sectional variation in average NMD returns. In contrast, the corresponding cross-
sectional R? under the standard factor models used in the anomaly literature range from
6% to 11%. Panel A of Figure (1] illustrates that the average NMD returns align with the
predictions of our one-factor model better than those of the standard factor models.

To further validate the pricing performance of our proposed NMD pricing factor, we
conduct an out-of-sample (OOS) test by augmenting the test asset set with the long-short
portfolios sorted on 80 anomaly characteristics in |Green, Hand, and Zhang| (2017) that have
not been examined by LPS. These 80 additional long-short portfolios introduce independent
cross-sectional and time-series return variations relative to the LPS portfolios, resulting in a
more stringent pricing test (Lewellen, Nagel, and Shanken|(2010))). Using the same one-factor
model, we find that NMD SDF (NMD CS) similarly captures much of the cross-sectional
variation in average NMD returns in this augmented set of 97 long-short portfolios, achieving
a cross-sectional R? of 79% (78%). Panel B of Figure [I| illustrates that our proposed one-
factor model substantially outperforms standard factor models in pricing this augmented set
of NMD returns.

After demonstrating the good empirical performance of our proposed NMD pricing fac-
tor, our second objective is to use it to understand the economic sources of NMD return
predictabilities. Our first set of tests focus on the relation between the NMD pricing factor
and the common risk factors in the NMD return space. These tests are motivated by the

insight in |[Kozak, Nagel, and Santosh| (2018)) that given substantial cross-sectional variation



in expected returns, either the return space has a weak factor structure or the SDF should
load heavily on the first few PCs. Since this prediction is predicated on the absence of
near-arbitrage opportunities, if we find the opposite in the data, i.e., there is a strong factor
structure but small SDF loadings on the common risk factors, then either near-arbitrage op-
portunities exist temporarily in the sample or NMD return predictabilities are a statistical
fluke.

We characterize the factor structure of the NMD return space by performing a principal
component analysis (PCA) of the NMD returns of the 17 LPS portfolios. We find that the
first five principal components (PCs) have above-average explanatory power for the total
variance of the NMD return space. The first five PCs account for 26%, 22%, 13%, 7% and
6% of the common variation in NMD returns, respectively, and the first three PCs explain a
majority (61%) of the total NMD return variance. Consistent with the prediction in Kozak,
Nagel, and Santosh| (2018), we find that both NMD SDF and NMD CS have significant and
economically large exposures to the first two PCs in the NMD return space. These first
two PCs together explain 64.6% and 64.2% of the variation in NMD SDF and NMD CS,
respectively, and a factor model based on the first two PCs explains 76% of the cross-sectional
variation in the average NMD returns of 17 LPS portfolios. Therefore, to earn the premium
of the NMD pricing factor (i.e., a proxy for the mean-variance efficient NMD portfolio), one
has to take on the common risk in the NMD return space. Given that there is no reason to
expect a data-mined NMD pricing factor (with a spuriously high in-sample Sharpe ratio) to
have significant exposures to common risk factors, our results suggest that data mining or
publication bias is unlikely to completely account for NMD return predictabilities.

Next, we conduct direct tests to link the NMD pricing factor to sentiment-driven demand
and the required compensation for arbitrageurs to accommodate such demands]| Related
to the former, existing studies such as Berkman, Koch, Tuttle, and Zhang (2012), |Lou,
Polk, and Skouras (2019), and Hendershott, Livdan, and Rosch| (2020) emphasize the role
of sentiment-driven demand in driving NMD return predictabilitiesf| Complementing these

studies, we provide new evidence on the timing and identity of the sentiment-driven demand.

5 As highlighted by Kozak, Nagel, and Santosh| (2018), the existence of a common factor model can reflect
both these economic sources. However, our finding that a NMD pricing factor loads heavily on common risk
factors cannot be interpreted as evidence in support of rational asset pricing models relative to sentiment-
driven asset pricing models.

SBerkman et al.| (2012)) attribute their findings to retail trading, [Hendershott, Livdan, and Résch/ (2020)
conjecture that risk-loving speculators play a role, and [Lou, Polk, and Skouras| (2019) attribute theirs to
a tug-of-war between opposing trading demands of different clienteles, which can include trading demands
from both sentiment investors and rational arbitrageurs.



We find that stock prices at the market open is a more important driver of the NMD return
deviations from CAPM than prices at the market close. Using a comprehensive dataset on
retail order imbalances, constructed following the methodology in [Boehmer, Jones, Zhang,
and Zhang| (2020), we also find that retail investors, instead of non-retail investors, trade
aggressively in the same direction as these deviations from CAPM at the market open.

Related to the role of required compensation for arbitrageurs, we also put forth a novel
hypothesis linking NMD return predictabilities to the required returns from liquidity pro-
vision. Our liquidity provision hypothesis is motivated by two key observations. First,
exploiting NMD return predictabilities requires high-turnover trading strategies, which are
not profitable if the implementation involves paying the bid-ask spreads. Therefore, the most
plausible arbitrageur of NMD return predictabilities is the market-making sector, which as
a whole does not pay the bid-ask spread. Second, since we find that retail investors’ trading
demand gives rise to NMD return predictabilities, market makers are in prime situations
to exploit NMD return predictabilities by accommodating the trading demand from these
retail investors.[Z] For these two reasons, we posit that the conditional expected returns of
the NMD pricing factor is closely related to the required returns from liquidity provision.

To test our liquidity provision hypothesis, we use the empirical proxy for the required
returns from liquidity provision proposed by Nagel (2012). This liquidity provision factor
is the return of a short-term reversal strategy sorted on 1 to 5-day lagged daily returns.
We find that both NMD SDF and NMD CS load positively and statistically significantly on
the liquidity provision factor, with a R? of 34.5% and 27.2%, respectivelyff] Furthermore,
the liquidity provision factor explains more than 80% of the average returns of the NMD
pricing factor. Our results therefore indicate that when the required returns from liquidity
provision is high, the NMD pricing factor premium is also high and vice versa. Finally, when
we use both the liquidity provision factor and our order imbalance proxy for sentiment-
driven demand together to explain the NMD pricing factor, we find both have independent
explanatory power.

Our paper builds on the existing literature that documents a larger number of predictors
for the NMD returns (e.g., Berkman et al. (2012)), |Lou, Polk, and Skouras| (2019), Hen-
dershott, Livdan, and Réschl (2020)), and Bogousslavsky] (2021)F] We contribute to this

7As we discuss in Section market makers have the necessary investments in both high-speed market
access and the acquisition of uninformed order flows to do so.

8In a placebo test, we further find that the NMD pricing factor is uncorrelated with the reversal factor
provided by Ken French, which is sorted on past 21-day returns and thus is not a good proxy for the returns
from liquidity provision. See Section [4] for additional discussion.

9Heston et al.| (2010); [Bogousslavsky] (2021)) also document predictability in the cross-section of half-hour



literature by being the first to propose a parsimonious factor model for explaining the cross-
section of expected NMD returns, which is a key step towards a common explanation for
NMD return predictabilities. We also show that the NMD return space spanned by the
17 LPS portfolios has a strong factor structure and that our proposed NMD pricing factor
is tied to the common risk in NMD returns. As a result, NMD return predictabilities are
unlikely to be a result of the data mining or publication bias. Finally, we document new
evidence linking the NMD pricing factor to both sentiment-driven demand and the required
returns from liquidity provision, suggesting that NMD return predictabilities are consistent

with the economic equilibrium described by Kozak, Nagel, and Santosh! (2018)).

1. Data and Measurement

1.1. Sample Construction

We start by collecting data from the Center for Research in Security Prices (CRSP) database
for all U.S. common stocks listed on the NYSE, AMEX, and NASDAQ stock exchanges.
Because we are interested in overnight and intraday stock returns, we require the daily open
price from CRSP, which is available starting on June 15, 1992. We then merge the CRSP
data with the NYSE Trade and Quote (TAQ) database using the TAQ-CRSP link table
provided by Wharton Research Data Services (WRDS). Since TAQ data starts on January
4, 1993, our analyses requiring TAQ data are conducted over the period between 1993 and
2020. See the Appendix Subsections and for a more detailed description of the TAQ
data and the procedure used to merge the TAQ data with the CRSP data.

We impose the following data filters. First, like [Hendershott, Livdan, and Rosch| (2020),
we drop stock days with an intraday return over 1000% or when the open price is missing.
Second, to to mitigate the microstructure issues and ensure that results are not driven by
small and illiquid stocks, we require the following for a stock to be included in the portfolios
formed at the end of month ¢: (i) the median daily trading volume in month ¢ is greater than
1,000 shares, (ii) the stock has no more than one missing open price from CRSP in month
t, and (iii) following |Lou, Polk, and Skouras| (2019), stocks need to have a price above $5
and a market capitalization above the NYSE bottom quintile at the end of month ¢. Since
all our portfolio returns are value-weighted, our results are robust to removing the low price

filter and the microcap filter.

returns.



1.2. Measurement of NMD Returns

We follow [Lou, Polk, and Skouras (2019) and compute the intraday return (rp4) on day d

as,

Pglose
N — 1
D,d ngen ) ( )

and the overnight return (ry4) from the close of day d — 1 to the open of day d as,

1+ T'close-to-close,d . 17 (2>

Nd =
1+ D.d

where 7ciose-to-close,d 15 the close-to-close return on day d by CRSP.H The NMD return is
then,

"NMD,d = T"Nd —T"D,d- (3)

Both P§°s® in Eq. and Tclose-to-close,d i Eq. are sourced from CRSP, following the
convention in the literature. Our main specification of P;*™" is the open price from CRSP,
similar to Hendershott, Livdan, and Rosch| (2020)), so that researchers who do not have
access to TAQ data can still replicate our results. Other studies in the literature have used
alternative specifications of P;*®" by relying on TAQ data. For example, Berkman et al.
(2012) use the first midquote, [Bogousslavsky (2021) the midquote at 9:45 am, and Lou,
Polk, and Skouras (2019) the volume-weighted average price between 9:30 am and 10:00
am, all from TAQ. The pricing performance of our proposed one-factor model and other
key takeaways from this article are robust to using the specifications from Berkman et al.
(2012), Bogousslavsky| (2021]), or |Lou, Polk, and Skouras (2019)). Our Appendix reports all
our results using |Lou, Polk, and Skouras| (2019))’s specification of Py and the results based

on the other two specifications are available upon request.

1.3. Construction of the Test Assets

Our main set of test assets consists of the long-short portfolios sorted on the 17 anomaly
characteristics examined by LPS. We use the NMD returns of these 17 LPS portfolios to span

0Eq. assumes that stock and cash dividends, as well as share splits, occur overnight.



the payoff spaceE-I In our out-of-sample (OOS) test, we augment these 17 LPS portfolios
with the long-short portfolios sorted on additional 80 anomaly characteristics from |Green,
Hand, and Zhang| (2017) that are not examined by LPS[?]

To construct these long-short portfolios, following LPS, we sort all stocks into decile
portfolios based on an ascending ordering of each of these signals at the end of each month
t. The long-short zero investment portfolio goes long the top decile portfolio and short the
bottom decile portfolio. We then calculate the daily value-weighted overnight and intraday
portfolio returns realized in month ¢ + 1 with the prior day’s market capitalization as the
weights. The daily NMD returns of the long-short portfolio is the return on a trading
strategy that goes long this portfolio overnight and short it intraday. Since our focus is on
the ability of a factor model for explaining the deviations from the CAPM model, we adjust
all portfolio returns by subtracting the CAPM beta times the corresponding market excess
returns, respectively[™| In all subsequent analysis, NMD returns refer to market-adjusted
NMD returns.

Table [1| reports the time-series average of the unadjusted NMD returns to our long-short
portfolios as well as their average risk-adjusted return (i.e. alphas) relative to standard
factor models used in the literature. Consistent with the findings in LPS, we observe that
these portfolios have average unadjusted NMD returns ranging from —26.0% to 69.6% per
year, with 13 of them having statistically significant market-adjusted NMD returns at the
1% level. Furthermore, we find that these large cross-sectional variations in average NMD
returns cannot be explained by the risk adjustments under the five-factor model of Fama
and French (2016) (FF5) | the g-factor model of Hou, Xue, and Zhang| (2015) (HXZ4), the
mispricing model of Stambaugh and Yuan| (2017) (SY4), or the behavioral model of Daniel,
Hirshleifer, and Sun (2020) (DHS3). We now turn to the construction of our proposed NMD

pricing factor.

11 Gee the Appendix Subsection for detailed descriptions on the construction of these signals.

12 Among these additional characteristics from |Green, Hand, and Zhang (2017)), we exclude the small
number of binary ones that do not work for forming our portfolios. We thank |Green, Hand, and Zhang
(2017) for providing the SAS code used to generate these characteristics.

1SWe estimate CAPM beta by regressing the daily close-to-close returns of the long-short portfolio on daily
market excess returns in the full sample. Our results are robust to using CAPM betas estimated in rolling
estimation windows. Following Heston, Korajczyk, and Sadka, (2010), we assume the risk-free rate is earned
overnight. So, more precisely, the market-adjusted intraday return is the portfolio intraday return minus the
CAPM beta times the market intraday return, whereas the market-adjusted overnight return is the portfolio
overnight return in excess of the risk-free rate minus the CAPM beta times the market overnight return in
excess of the risk-free rate.



2. A One-factor Model for the Cross-section of Ex-
pected NMD Returns

2.1. Construction of the NMD Pricing Factor

In this section, we lay out the motivation and the methodology for constructing our pro-
posed NMD pricing factor. Consider an economy with N test assets. Denote the vector
of the (market-adjusted) NMD excess returns for these assets by R = (Ry, ..., Ry) and the
covariance matrix of these NMD returns by I'. Define u = E'(R). In the payoff space formed
by any linear combination of NMD returns, the law of one price implies the existence of a

stochastic discount factor (SDF) as follows (Hansen and Jagannathan (1991))),

SDF =1—1b (R—p), (4)

where the SDF coefficients are the weights of the mean-variance efficient portfolio (i.e.,
b=T"'4.) A naive approach for estimating b is to plug in the sample counterparts of I' and
1, but it is well known that this naive estimator performs poorly out-of-sample due to the
uncertainty in the estimated return covariance and means.

Therefore, a large and growing literature since the seminal work of |Fama and French
(1993)) has alternatively used three general approaches to construct the pricing factors. One
approach is to construct factors based on behavioral and asset pricing theories (Fama and
French| (2015); Hou et al. (2015)); [Daniel et al.| (2020)). However, so far there is no formal
theory for explaining NMD return predictabilities. In fact, one of our goals of developing
a parsimonious one-factor model is to inform future research on building such a theory. A
second approach imposes the asset pricing restriction that links expected returns to return
covariances in order to extract pricing factors from portfolio returns. The |Kozak, Nagel, and
Santosh| (2020) estimator that we use in our first specification of the NMD pricing factor is
representative of this approacth] A third approach constructs portfolios sorted on return
predicting characteristics as factors. Our second specification of the NMD pricing factor is
more in line with this approach, which is commonly used in the anomaly literature. Our goal

of using these two specifications is to ensure that our key takeaways are robust to reasonable

14See |[Kozak, Nagel, and Santosh| (2020) for a discussion of this literature. Our results are also robust to
using the approach proposed by |Lettau and Pelger| (2020)).



variations in methodology.

2.1.1. The First Specification of the NMD Pricing Factor

We use the Bayesian SDF estimator proposed by in Kozak, Nagel, and Santosh (2020
(KNS) to construct the first specification of the NMD pricing factor. With an economically
motivated prior, the KNS estimator of b in Eq. resembles a ridge regression estimate

with a L? norm penalty term,

b= (T+~1) & (5)

where I is the identity matrix, I' and [ are the estimated return covariance matrix and the
average returns of the test assets, respectively, and ~ is the hyperparameter associated with
the L? penalty term. As|Kozak et al| (2020)) explain, this KNS estimator shrinks the SDF
coefficients of the naive estimator towards zero, with the shrinkage factor being stronger for
the coefficients on the principal components with smaller Varianceff]

Our implementation of the KNS estimator is as follows. We denote the NMD returns
for the 17 LPS portfolios by F;. With a time period of length T, we estimate the sample

moments by,

F (6)

=
I

Nl -
]~

t=1

/

LS~ (F - (F-7) (7)

T
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I
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t=1

To choose the optimal v, we follow KNS in using K-fold cross-validation (CV) with
K = 3. We first equally divide our sample into 3 subsamples and then set a grid of potential
values for v. For a given 7 value, we use K —1 subsamples to estimate the in-sample moments
Ti;g and I'rg, according to Eqs. @ and 1| and brg = (f;g +7])_1 Iirg. Then, using the
withheld subsample, we compute the OOS moments, fipog and Tppg. Finally, we compute

the out-of-sample R? as,

15 Among several alternatives that KNS explore, they state that this estimator is the natural starting point
for applications of their approach if sparsity is not required.
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We withhold each of the K subsamples, treat it as OOS data, and repeat the above

procedure K times. The cross-validated R? is the average R%.¢ across these K estimates
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for a given . Then, we select the optimal v that maximizes the cross-validated R%. With
the optimal ~, we compute the SDF coefficient b* using the full-sample moments according
to Eqgs. - . Finally, we use b0* to construct the one-dollar long and one-dollar short
zero investment portfolio as the NMD pricing factor. This pricing factor is then the linear
combination of the 17 LPS long-short portfolios with the following weight on each portfolio

Z,

by

RS ST ®

We use the NMD returns of this long-short portfolio as our first specification of the NMD
pricing factor (NMD SDF). We note that the construction of NMD SDF uses full-sample
information. KNS also conduct a pure OOS test, in which they withhold part of the data
when estimating the optimal b* and show that the resulting SDF estimator performs well
in the withheld sample. Since our sample period is shorter than that in [Kozak, Nagel, and
Santosh! (2020)), we instead evaluate OOS performance by expanding the set of test assets in
our cross-sectional pricing test. Furthermore, our second specification of the pricing factor

requires only prevailing information in its construction.

2.1.2. The Second Specification of the NMD Pricing Factor

To construct our second specification of the pricing factor, we first combine all 17 LPS
characteristics into a composite predictive signal of a stock’s NMD return. This procedure is
similar in spirit to Stambaugh, Yu, and Yuan| (2015), who construct a composite mispricing
score based on 11 anomaly characteristics. Instead of equally weighting each characteristic,
we follow Lewellen (2015) and use a Fama and MacBeth (1973) regression approach to let
the data decide on how much weight to put on each individual characteristic. Specifically, at
the end of each month ¢, we run a multivariate cross-sectional regression of the NMD return

on lagged LPS characteristics as follows,

10



NMD;; = a+ f, X 541 + €y, i =1,..., N, (9)

where NMD), ; is the average unadjusted NMD return for firm ¢ in month ¢ and z;;_, is
the vector of firm i’s characteristics in month ¢ —1. Similar to Freyberger et al.| (2020); Kozak
et al.| (2020), to minimize the influence of extreme values, 7, is the normalized cross-sectional

rank of a characteristic c;,,

rank(c; ;) — rank(c; ;)
ng + 1

: (10)

s __
Tiy =

where the scaling factor n; is the number of stocks in month #[/] We then construct the

composite signal for firm 7 in month ¢ using 12-month moving averages of f; (i.e., frpa =

% Zlleo Bi—r) and x;

CSM = B;,MA X Zjt- (11)

Similar to the construction the 17 LPS portfolios, we then construct a one-dollar long-
short zero-investment portfolio sorted on C'S. We use the NMD returns on this long-short
portfolio as our second specification of the NMD pricing factor (NMD CS). The portfolio
weights of NMD CS can be interpreted as a proxy for b in Eq. under the assumption
that C'S is proportional to 1 and all stocks equally contribute to I'.

2.2. Pricing Performance of Factor Models

We now examine the performance of our proposed NMD pricing factor via its ability to
explain the average NMD returns of the 17 LPS portfolios. In Table [2, we first report the
summary statistics for NMD SDF and NMD CS. We observe that NMD SDF and NMD CS
have average returns of 44.9% and 94.7% per annum (p.a.), respectively, and annualized
Sharpe ratios of 5.0 and 4.4, respectively. In comparison, as shown in Figure |2 the Sharpe
ratios of the 17 individual LPS portfolios range from 0.1 to 3.4. Therefore, consistent with
the notion that our proposed pricing factors are a proxy for the SDF (the maximum Sharpe
ratio portfolio), their Sharpe ratios are higher than that of the individual assets that form
the payoff space.

Next, we run a time-series regression of the daily NMD returns of the LPS portfolios

16We use the average rank if there is a tie in the characteristic value across stocks. If a characteristic value
is missing, we use zero to fill it in.
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on NMD SDF and NMD CS, respectively. Column (1) of Panel A of Table [3| reports that
the cross-sectional mean of the absolute alpha relative to the CAPM, FF5, HXZ4, SY4,
and DHS3 factor models are 31.4%, 29.5%, 30.3%, 33.8%, and 29.8% p.a., respectively. In
contrast, the cross-sectional mean of the absolute alpha relative to a one-factor model based
on NMD SDF (NMD CS) is much smaller, at 7.3% (12.4%) p.a. Similarly, column (2) shows
that the cross-sectional mean of the absolute t—statistic under the CAPM, FF5, HXZ4, SY4,
and DHS3 factor models are all above 6, whereas the cross-sectional mean of the absolute
t—statistic of the alpha relative to a one-factor model based on NMD SDF (NMD CS) is
only 1.26 (2.06).

Following KNS, we use cross-sectional R? as the main measure of the relative performance
across the competing factor models for explaining cross-sectional variation in average NMD

returns. Specifically, we compute it as,

s, B 9F) @ 5F)
T

, (12)

where 1 is the vector of the sample means of each test asset’s NMD return, 3 is the
matrix of the factor loadings from a time series regression of test asset’s NMD return on the
factor(s), and F is the vector of the sample mean of each factor.

Column (3) of Panel A of Table [3|reports that the cross-sectional R? under CAPM is zero
because all NMD returns are market-adjusted. The cross-sectional R2s using the standard
factor models range from 6% to 11%. In contrast, a one-factor model based on NMD SDF
(NMD CS) achieves a substantially higher cross-sectional R? of 94% (84%). In Panel A of
Figure [1, we plot the average NMD returns against the predicted NMD returns by these
factor models. In the case of CAPM, no cross-sectional explanatory power results in a
vertical line. Using standard factor models does not change the vertical pattern by much. In
comparison, using the predicted returns under a one-factor model based on either NMD SDF

or NMD CS result in a much better alignment along the 45 degree line.

2.3. Out-of-sample Test with an Expanded Set of Test Assets

To further validate the pricing performance of our proposed NMD pricing factor, we conduct
an OOS test by augmenting the test asset set with the long-short portfolios sorted on 80
anomaly characteristics examined by (Green, Hand, and Zhang (2017) that have not been

examined by LPS. Since LPS do not pick their set of 17 anomaly characteristics based on the
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ability to predict NMD returns[”] we expect some of these additional anomaly characteristics
predict NMD returns. Consistent with this point, in unreported results we find that the
average NMD return is significantly different from zero at the 5% level for 58 out of the
additional 80 long-short portfolios. Therefore, conducting this test not only examines the
OOS fit of the factor models but also introduces independent cross-sectional and time-series
variation in the NMD returns relative to that of the LPS portfolios, resulting in a more
stringent pricing hurdle (Lewellen, Nagel, and Shanken (2010))).

Panel B of Table (3| reports the pricing results for this cross-section of 97 test assets.
We find that the cross-sectional mean of the absolute CAPM alpha is 19.4% p.a. and the
corresponding mean absolute t—statistic is 4.5. Both numbers are lower in this expanded set
compared to that of the 17 LPS portfolios, because 22 out of the additional 80 portfolios do
not have statistically significant average NMD returns. Adjusting the NMD returns using
standard factor models again helps little to reduce the absolute alphas, with cross-sectional
R?s ranging from 14% to 19%. In contrast, our one-factor model based on NMD SDF
(NMD CS) achieves a cross-sectional R* of 79% (78%). Panel B of Figure [1] illustrates
the large improvement in the pricing performance of our one-factor model relative to the

standard factors models in this expanded set of test assets.

3. Relation between the NMD Pricing Factors and the
NMD Common Risk Factors

After establishing that the NMD pricing factor summarizes the cross-section of expected
NMD returns, we subsequently use it to understand the economic sources underlying NMD
return predictabilities. In this section, we explore the relation between the NMD pricing
factor and the common risk factors in the NMD return space. This test is motivated by
the insight in |Kozak, Nagel, and Santosh (2018]) that given large cross-sectional spreads in
expected return, we should expect that either the return space has a weak factor structure or
the SDF loads heavily on the first few dominant principal components (PCs). This prediction
is based on the absence of near-arbitrage opportunities argument that, given a strong factor
structure, expected returns should align with the dominant sources of return variance as
otherwise extremely high Sharpe ratio (near-arbitrage) opportunities would exist.

Therefore, we first characterize the factor structure of the NMD return space. We perform

I"LPS state that their motivation for examining these 17 anomaly characteristics is that they are related
to “popular trading strategies”.
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a principal component analysis (PCA) using the NMD returns of the 17 LPS portfolios,
thereby retrieving the ordered PCs from the largest eigenvalue to the smallest.@ In Table
[l we find that the NMD return space exhibits a strong factor structure. The first five
PCs explain 26%, 22%, 13%, 7% and 6% of the total variance of the 17 LPS portfolios,
respectively, and the first three PCs together explain a majority (61%) of the total variance.

Given this strong factor structure, we can now move to test whether our NMD pricing
factor aligns with the first few dominant PCs. Columns (1) through (3) of Table |5/ show the
results of regressions of the NMD pricing factor on progressively more PCs. We find that
NMD SDF loads strongly on the first two PCs, with the first PC explaining 46.8% of its
variance and the second PC explaining an additional 17.8 percentage points. Adding the
third PC increases the adjusted R? by a modest 3.9 percentage points. Column (4) through
(6) of Table |5 shows that NMD CS loads even more heavily on the first PC, with the first
PC explaining 58.3% of its variance. Adding the second PC increases the adjusted R? by
another 5.9 percentage, whereas adding the third PC negligible increases the adjusted R?
by 0.2 percentage points. Furthermore, consistent with this time-series evidence, we also
find that a factor model using the first two PCs achieves a cross-sectional R? of 76% (See
Panels A of Table [3|and Figure . Therefore, our time-series and cross-sectional results are
consistent with the economic equilibrium described in Kozak, Nagel, and Santosh (2018]),
in which near-arbitrage opportunities do not exist. In contrast, if the large cross-sectional
variation in average NMD returns is due to the data mining or publication bias, there is no
reason to expect the NMD pricing factor, which summarizes this cross-sectional variation in
average NMD returns, to load heavily on the common risk factors in the NMD return space.
Thus, our test results can also be interpreted as being inconsistent with the data mining or

publication bias hypotheses.

4. Relation to Sentiment-driven Demand and Required

Returns from Liquidity Provision

As highlighted by [Kozak et al. (2018]), our finding that a NMD pricing factor loads heavily on
common risk factors cannot be interpreted as evidence in support of rational asset pricing
models relative to sentiment-driven asset pricing models. Therefore, in this section, we

explore both perspectives by verifying if the premium of the NMD pricing factor is related

8Following KNS, we center but do not scale the returns when performing the PCA.
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to sentiment-driven demand and the required compensation for arbitrageurs to accommodate

such demands.

4.1. Sentiment-driven Demand

4.1.1. Timing of Sentiment-driven Demand

The notion introduced by LPS of a “tug-of-war” between the demand of opposing clienteles
at the market open and close provides a good starting point for understanding how sentiment-
driven demand can give rise to the NMD return predictabilities. Specifically, as we show in
Figure 3| our composite predictive C'S predicts (market-adjusted) NMD returns for up to 60
months into the future, while at the same time C'S does not predict (market-adjusted) close-
to-close returns[™’] This joint pattern of C'S strongly predicting NMD returns and weakly
predicting close-to-close returns have two possible tug-of-war explanations, which depend on
whether trading demand at the market open or close gives rise to NMD return predictability.
These two competing hypotheses posit that the associated sentiment-driven demand occurs
repeatedly each day at the market open and/or close.

We design a test to distinguish between these two possibilities. If deviations of the
NMD returns from CAPM are due to sentiment-driven demand at the market open, which is
attenuated by opposing clientele demand throughout the day, then using prices progressively
later in the morning as P> in Eq. to compute ry and rp should result in weaker NMD
return predictability. In parallel, if the NMD return patterns are due to the sentiment-driven
demand at the market close, then using prices earlier than 4:00 pm as P$°* in Eq. to
compute ry and rp should lead to substantially weaker NMD return predictability. Figure
of the Appendix illustrates these two competing hypotheses.[Q_U]

To test these two competing hypotheses, we divide the trading day into 13 half-hour
trading intervals, with the first one starting at 9:30 am and the last one ending at 4:00 pm.
Then, we recompute ry and rp using the following four alternative specifications of PyP*":
the first midquote after 9:30 am, 10:00 am, 10:30 am, and 11:00 am; and the following four
alternative specifications of P§°: the last midquote before 4:00 pm, 3:30 pm, 3:00 pm, and
2:30 pm 4]

Y0ur results are similar to those documented in Figure 2 of LPS, with the difference being 1) we use our
composite signal whereas they use 2 out of the 17 LPS characteristics and 2) we show that our composite
signal does not predict close-to-close returns.

20We assume the price is equal to the fundamental value at the market close (open) to simplify the
exposition, but such an assumption is not necessary in our test.

ZFor all alternative specifications of P;P*" and PS§l°°, we drop days with late openings or early closings and
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Panel A of Table [6] reports the average returns of NMD SDF and NMD CS based on
these alternative specifications of PyP™" or P§°°. Columns “0:30 am” to “11:00 am” show
a consistent pattern across the two specifications of the NMD pricing factor. That is, the
average returns of the NMD pricing factor decreases substantially when we use midquotes
progressively later in the morning as Py”*" to compute rp and ry. For example, the average
NMD returns of NMD SDF (NMD CS) is 48.7%, 16.6%, 10.4%, and 7.5% p.a. (106.6%,
36.5%, 20.9% and 17.8% p.a.) when using the first midquote after 9:30 am, 10:00 am,
10:30 am, and 11:00 am as P;*®", respectively. This declining pattern is consistent with the
hypothesis that the NMD return predictabilities are due to sentiment-driven demand at the
market open, which is then attenuated by opposing clientele demand throughout the day.

In sharp contrast, columns “2:30 pm” to “3:30 pm” show that using midquotes earlier
in the afternoon, as opposed to the 4:00 pm midquote, as P$°* to compute rp and ry has
relatively minor effects on the resulting average NMD returns of the NMD pricing factor. The
average NMD return of the NMD SDF (NMD CS) is 46.0%, 47.7%, 50.2%, and 48.8% p.a.
(106.1%, 108.6%, 113.7%, and 109.9% p.a.) when using the last midquote before 2:30 pm,
3:00 pm, 3:30 pm, and 4:00 pm as Py | respectively. Thus, these results are inconsistent
with the hypothesis that NMD return predictabilities arise from sentiment-driven demand
at the market close. Combining the market open and close results, our analysis indicate that
sentiment-driven demand underlying NMD return predictabilities is more likely to occur at

the market open than at the market close.

4.1.2. Identity of Sentiment-driven Demand

We next test whether the sentiment-driven demand at the market open that gives rise to
NMD return predictabilities come from retail or institutional trading. Accurately deciphering
the traders’ identities on both sides of a transaction is an empirical challenge due to data
limitations. We tackle this challenge by using the new method proposed in Boehmer, Jones,
Zhang, and Zhang| (2020) (BJZZ) to identify retail order flows. The BJZZ algorithm identifies
retail purchase and sales by noting that trades at non-midpoints with a subpenny price
improvement after the implementation of Regulation National Market System (Reg. NMS)
are almost always marketable retail orders. These orders are recorded in TAQ with exchange
code “D” and the buy/sell direction of the trade can be identified by the magnitude of
the subpenny price improvements. We apply the BJZZ algorithm within the post-October

we drop the first (last) midquote if it happens after (before) midday. We use the WCT dataset from WRDS
to compute the midquote as the average of the national best bid and offer. See the description of the WCT
dataset here https://wrds-www.wharton.upenn.edu/pages/support/data-overview /wrds-overview-taq/
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2007 period when Reg. NMS is fully implemented.@ We use the retail marketable order
imbalances identified by the BJZZ algorithm as the proxy for the retail order imbalance. We
then use the buy-minus-sell total order imbalances identified by the Lee and Ready| (1991))
(LR) algorithm as the proxy for the total order imbalance. The difference between the total
order imbalance and the retail order imbalance is then our proxy for the non-retail order
imbalance.

We use the following procedure to measure the order imbalances associated with the
NMD pricing factor. We first define order imbalances at the stock level for each of the 13

half-hour trading intervals,

Ol o Dbuy,i,d,T - Dsell,i,d,*r
i,d, 7
MCAP; 41
retail - D retail
ROI o buy,i,d, sell,i,d,
i,d, 7 — )
MCAP,; 41
retail retail
where Dy, and Doy, (Dyfy, and Dy ) are the dollar values of the buy

and sell orders identified by the LR (BJZZ) algorithm for stock i, day d, and the 30-minute
interval 7. We scale them by the lagged market value of the stock, MCAP; 4, to account
for the size effect. Denote the portfolio weights of the long-short portfolio of NMD SDF
(NMD CS) on stock ¢ and day d by w; 4. We then compute the order imbalances underlying
the NMD pricing factor as,

St wi g x Ol gy x I (0L g7)
Soit wi g x 1 (0L gr)

St wi g x ROL; g, x T (ROL 4.,)
Z?:d’f w; g X I (RO, 4-) ’

OId,T =

ROI,, =

where [ (-) is an indicator function that equals one when OI, 4. (ROL 4 ) is non-missing
and zero otherwise. We annualize these order imbalance numbers by multiplying them by
13 times 252, so that they are in percentage points (relative to market capitalization).

Panel B of Table [6] reports the order imbalances for NMD SDF and NMD CS, respec-
tively. Since our analysis in the previous subsection suggests that the sentiment-driven
demand driving the NMD return predictabilities occurs at the market open, we focus on

order imbalances in the first 30-minute interval. We observe that for both NMD pricing

22The BJZZ algorithm results in a substantial improvement in the coverage of retail order flows over other
existing approaches. We refer interested readers to the related discussions in their study.
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factors, the average total order imbalances (OI) at the market open are positive and highly
significant at the 1% level. This is consistent with the explanation that sentiment-driven
demand at the market open is relatively higher for stocks in the long end of the NMD pricing
factor than stocks in the short end, resulting in positive overnight (negative intraday) returns
on the NMD pricing factor.

When we decompose Ol into the retail order imbalance (ROI) and the non-retail order
imbalance (OI-ROI), we find that the significant positive total imbalance at the market open
is almost entirely driven by the retail order imbalance. For NMD SDF, the OI is 1.41% while
the ROI is 1.12%, which results in a OI-ROI of 0.29% that is not statistically significant.
For NMD SDF, the OI is 2.99% while the ROI is 3.01%, which implies a OI-ROI of -0.02%
that is again not statistically significant. Therefore, the sentiment-driven demand associated
with the NMD pricing factor premium mostly comes from the retail trading demand{g_gl Over
the remaining 30-minute trading intervals, we do not find strong evidence that either retail
or non-retail investors are trading aggressively in the opposite direction, suggesting that the
price impact of the excess trading demand at the market open is instead potentially offset by
non-marketable orders in the opposite direction. Overall, our results indicate that sentiment-
driven demand at the market open is a plausible source of the premium of the NMD pricing

factor and this sentiment-driven demand is from retail but not non-retail investors.

4.2. Liquidity Provision Hypothesis

To link NMD return predictabilities to the required returns for arbitrageurs, we first discuss
what types of traders can exploit this type of predictability. First, we note that exploiting
NMD return predictability involves two round-trip transactions per day by i) going long on
the long-short portfolio of the NMD pricing factor at the market close and then closing this
position at the next market open to earn the positive overnight return and ii) going short
on the same long-short portfolio at the market open and then closing this position at the
market close to benefit from the negative intraday return. If traders implement such a NMD
trading strategy via market orders (i.e., buying stocks at the ask price and selling stocks at
the bid price), then they would incur the bid-ask spread as a trading cost for each round-trip
transaction. Transaction cost estimates from the existing literature, such as Novy-Marx and
Velikov| (2016), suggest that the trading cost would dwarf the excess returns on the NMD

230ur results are related to the retail trading patterns documented in Berkman et al.| (2012)), who find
positive retail trading demand at the market open for stocks with high squared daily returns. They use a
proprietary dataset that identifies retail buy and sell orders for a sample of NASDAQ 100 stocks between
1997 and 2001, whereas our data cover 3,000 stocks between 2007 and 2020.
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pricing factor.@

While all traders can use limit orders or other types of orders to avoid paying the bid-
ask spread, successfully executing limit orders ahead of other competing orders requires
investments in both high-speed market access and the acquisition of uninformed order flows.
As a result, the most likely marginal investor in NMD trading strategies is the market-making
sector, who can use their market-making infrastructure to implement these strategies without
paying the bulk of the effective bid-ask spread.

Moreover, we document in the previous subsection that the NMD pricing factor premium
is associated with the excess marketable retail order imbalance at the market open in the
same direction. This means that market makers can exploit NMD return predictability by
trading against (i.e., providing liquidity to) the retail order imbalances underlying it. Such
a scenario is highly plausible because in the U.S. markets, broker-dealer firms often have a
first look at (and thus can execute) most marketable equity orders before these orders hit
the exchange through either internalization or purchased order flow agreementsﬁ

Therefore, we posit that market makers are the marginal arbitrageurs who accommodate
the sentiment-driven demand underlying the NMD return predictabilities. As a result, the
expected NMD returns should be closely related to the required returns from liquidity provi-
sion. When the required returns from liquidity provision vary over time as the risk-bearing
capacity and the risk aversion of market makers fluctuate, the expected NMD returns should
move in tandem.

To formally test this liquidity provision hypothesis, we follow |[Nagel (2012) and use the
returns on the [Lehmann| (1990) short-term reversal strategy as a proxy for the required
returns from liquidity provision.m Nagel (2012) motivates his measure by constructing a
model in which investors trade for liquidity and informational reasons as in Kyle (1985)),
and risk-averse market makers charge a price for providing liquidity as in |Grossman and

Miller| (1988). He theoretically shows a short-term reversal strategy isolates the returns from

24Novy-Marx and Velikov| (2016)) estimate that the round-trip transaction cost for typical value-weighted
strategies is in excess of 50 basis points on average based on the effective spread measure in [Hasbrouck
(2009). This number implies that the trading cost for our NMD strategies would exceed 2% per day or 504%
per annum.

25For example, Citadel Securities currently executes approximately 47% of all U.S.-listed retail volume.
With their market-making infrastructure, Citadel Securities can then implement night-minus-day strategies
trading against the retail order imbalances underlying night-minus-day return predictability. Citadel Secu-
rities does not pay but rather earns the bid-ask spread, although some of this revenue is offset in order to
acquire order flows. See https://www.citadelsecurities.com/products/equities-and-options/.

26We replicate the reversal strategy return following the procedure in Nagel| (2012) for the 1998 to 2020
sample period.
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liquidity provision from the asymmetric information effect because the latter increases the
bid-ask spread but does not cause negative serial correlations in returns. |[Nagel (2012) also
carefully discusses why the Lehmann| (1990) specification of the short-term reversal strategy
is the preferred approximation of the returns earned by a hypothetical representative liquidity
supplier. Given these arguments, we refer to |[Nagel (2012)’s reversal strategy return as the
liquidity provision factor (denoted as LIQ) and explore its explanatory power for the premium
on the NMD pricing factor.

In the first two columns of Panel A of Table[7], we regress the NMD pricing factor on LIQ.
We use the monthly average of daily returns as a proxy for the conditional expected returns.
We find that the returns from both NMD SDF and NMD CS load positively on LIQ, with a
Newey and West, (1987) t—statistics of 5.4 and 5.7, respectively. The economic magnitudes
of these regression coefficients are large: a one percentage point increase in the return from
liquidity provision is associated with a 0.6 (1.2) percentage point increase in NMD SDF
(NMD CS). This strong time-series correlation also manifests in substantial regression R%s
of 34.5% and 27.2% for NMD SDF and NMD CS, respectively.

To visualize these time-series correlations, Figure [4] plots the six-month moving averages
of the NMD strategy returns against that of LIQ. We observe two consistent patterns across
the two specifications of the NMD pricing factor. First, the NMD pricing factor and LIQ
covary positively and strongly, with a secular decline over time that is consistent with the
profits of both strategies being driven down by increased competition among market makers
over time. Second, and more importantly, the NMD pricing factor and LIQ spike simulta-
neously during the 2000 dot-com crash, the 2009 financial crisis, and the 2020 COVID-19
stock market crash, when liquidity providers have more constrained risk-bearing capacities
and higher risk aversions. The COVID-19 stock market crash episode is particularly infor-
mative as an out-of-sample test relative to the sample period studied by Nagel (2012)). The
simultaneous large increases in LIQ and the NMD pricing factor around the COVID-19 stock
market crash not only support Nagel’s argument that short-term reversal returns proxy for
the returns from liquidity provision, but also our hypothesis that NMD return predictabilities
are related to the required returns from liquidity provision.

This single-factor model based on LIQ also explains the vast majority of the average
returns on the NMD pricing factor. Because both the left- and right-hand-side variables
are returns, we can interpret the regression intercepts as alphas, that is, the average returns
unexplained by exposure to LIQ. The alphas are more than 80% smaller in magnitude than
the premium on the NMD pricing factor, with a t—statistic of 1.5 and 1.8 for NMD SDF
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and NMD C8;, respectively. Therefore, these results indicate that the required returns from
liquidity provision largely explain NMD return predictabilities.

As a placebo test, we also use a lower frequency reversal factor based on the past 21-
day return in Columns (3) and (4). This placebo for the returns from liquidity provision is
provided on Ken French’s website (hereafter, FF REV). Given that market makers’ inventory
imbalances have a very short half-life, FF REV is unlikely to accurately capture the returns
from liquidity provision. Consistent with this intuition, and in sharp contrast with LIQ, we
find that neither specifications of the NMD pricing factor significantly load on FF REV and

both regressions have near zero adjusted R?.

4.3. Sentiment-driven Demand vs. Required Returns from Lig-
uidity Provision

Finally, we explore the relative importance of sentiment-driven demand and the required
returns from liquidity provision in driving the time-series variation in the NMD pricing fac-
tor. While our evidence on sentiment-driven demand and the required compensation for
arbitrageurs are consistent with the economic equilibrium described by [Kozak, Nagel, and
Santosh| (2018), KNS also point out that both are needed for the repeated NMD devia-
tions from CAPM to persist. Therefore, their relative importance in driving the time-series
variation in the magnitude of the NMD pricing factor is an empirical question.

Table |8 reports our results for a horserace between proxies for sentiment-driven demand
and the required returns from liquidity provision. As before, we use LIQ to measure the
required returns from liquidity provision. Then, given our findings in Subsection [.1] we
use the OI underlying the NMD pricing factor in the first 30-minute trading interval as
our proxy for the associated sentiment-driven demand. In the period after October 2007
when ROI is available, we also use the first 30-minute ROI underlying the NMD pricing
factor as an alternative proxy for related sentiment-driven demand. Columns (1) and (3)
of Table [7] report the results using OI as the explanatory variable in the full sample when
LIQ is available. Here, we also include a pre-decimalization dummy, which is equal to one
before April 2001 to account for the potential effects brought about by the introduction of
decimalization. We find that both NMD SDF and NMD CS load significantly and positively
on OI, with t—statistics of 3.9 and 4.1, respectively. Columns (5) and (7) of Table [7| report
the results using ROI in the post-October 2007 period. Similarly, we find that both NMD
SDF and NMD CS continue to have positive loadings on ROI, with t—statistics of 2.5 and
1.7, respectively. These results alternatively confirm our results from Subsection that

21



sentiment-driven demand is positively related to the NMD return predictability.

When we add LIQ to these regressions, we find that the loadings on our proxies for
sentiment-driven demand and the required returns from liquidity provision remain positive
and statistically significant at the 5% level. In Columns (5) and (7), we find that ROI by
itself explains around 4.3% or 1.3% of the time-series variation in NMD SDF or NMD CS,
respectively. In contrast, adding LIQ increases the adjusted R? by 22.6 or 19.6 percent-
age points for NMD SDF or NMD CS, respectively. Therefore, our results indicate that
sentiment-driven demand and the required returns from liquidity provision have indepen-
dent explanatory power, with the latter economic fundamental being determining more of

the time-series variation.

5. Conclusion

We document that a one-factor model that summarizes the predictive information in a large
number of stock characteristics for the cross-section of the night-minus-day (NMD) stock
returns. For this model, we construct the NMD pricing factor using both a covariance-based
SDF approach as in |[Kozak, Nagel, and Santosh| (2020)) and a characteristic-based approach
similar to Stambaugh and Yuan|(2017). We find that both specifications of the NMD pricing
factor can adequately price the average NMD returns of 17 long-short portfolios examined
by [Lou, Polk, and Skouras (2019) and achieves a cross-sectional R* well above those of
standard factor models. Out-of-sample, our proposed one-factor model also works well when
the test asset set is augmented by 80 long-short portfolios sorted on additional anomaly
characteristics.

Using the NMD pricing factor as a parsimonious summary of NMD return predictability,
we subsequently explore underlying economic sources. Consistent with the near-absence
of arbitrage opportunities, we find the NMD pricing factor has substantial exposures to
the dominant common risk factors within the NMD return space. We also provide new
complementary evidence that the NMD factor premium is related to sentiment-driven trading
demand at the market open, which almost exclusively comes from retail trading demand.
Finally, we introduce a novel liquidity provision hypothesis, and find that the NMD factor
premium is highly correlated with the required returns from liquidity provision. Overall, our
findings are consistent with the pricing equilibrium described in [Kozak, Nagel, and Santosh
(2018), in which liquidity providers require compensation for accommodating sentiment-

driven demand.
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6. Data Appendix

6.1. Anomaly characteristics for the LPS portfolios

We provide detailed descriptions of the characteristics used in constructing the 17 LPS
portfolios as follows. Annual accounting variables from Compustat are merged with the
CRSP information under the assumption that the accounting information is available with

a 6-month lag.

e One-month overnight and intraday returns (ry, and rp;, respectively): the average
of the overnight and intraday returns of a stock over month ¢, respectively, as in [Lou,
Polk, and Skouras| (2019).

ewma

e Exponentially-weighted moving averages of the overnight and intraday returns (r{;
and rp7", respectively): The exponentially-weighted moving averages of the one-
month overnight and intraday returns with a half-life of 12 months. These exponentially-
weighted moving averages are then lagged by one month so that they are not mechan-
ically contemporaneously correlated with ry; and 7p,, as in |Lou, Polk, and Skouras

(2019).
e Size (ME): Natural log of market capitalization at the end of month ¢.

e Book-to-market ratio (BM): Book value of equity (ceq) divided by end of fiscal year-end

market capitalization.

e Momentum (MOM): 11-month cumulative returns ending at month ¢ — 1, as in |Je-
gadeesh| (1990).

e Industry momentum (INDMOM): Equal weighted industry average momentum at the
two-digit SIC level.

e SUE: I/B/E/S actual earnings minus median forecasted earnings (if unavailable, the
seasonally differenced quarterly earnings before extraordinary items from Compustat
quarterly file) divided by fiscal-quarter-end market cap, as in Rendleman, Jones, and
Latane (1982).

e ROE: Earnings before extraordinary items divided by one-quarter lagged common

shareholders’ equity as in [Hou, Xue, and Zhang) (2015)).
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e BETA: the CAPM beta in 12-month rolling windows ending at month ¢ by regressing
daily excess returns on market excess returns. We require at least 120 valid excess

return observations in each rolling window.

e ISSUE: Annual percent change in shares outstanding (csho) as in Pontiff and Woodgate
(2008)).

e TURNOVER: Average monthly trading volume between month ¢t — 2 and month ¢
(inclusive) scaled by number of shares outstanding at month ¢, as in [Datar, Naik, and
Radcliffe| (1998).

e Investment (INV): Annual change in gross property, plant, and equipment (ppegt) +
annual change in inventories (invt) all scaled by one-year lagged total assets (at), as in
Chen and Zhang (2010)).

e [VOL: One-month standard deviation of the residuals from the FF3 model, as in |Ang,
Hodrick, Xing, and Zhang (2006)).

e ACCRUALS: Annual income before extraordinary items (ib) minus operating cash
flows (oancf ) divided by average total assets (at); if oancf is missing, change in act -

change in che - change in lct + change in dlc + change in txp-dp, as in [Sloan| (1996)).

e Reversal (STR): One-month return at month ¢, as in |Jegadeesh and Titman| (1993).

6.2. TAQ Data

We collect intraday prices and trades from the NYSE Trade and Quote (TAQ) database avail-
able from Wharton Research Data Service (WRDS). The monthly updated TAQ database
is a legacy product for trades and quotes between January 1, 1993 and December 31, 2014
that are time-stamped at the frequency of a second. The daily updated TAQ database pro-
vides trades and quotes from September 10, 2003 to the present that are time-stamped with
millisecond precision between September 10, 2003 and March 31, 2015 and with microsecond
precision from April 1, 2015 to present. The daily product contains the official national best
bid and ask (NBBO) quotes, while the monthly product does not.

Matching trades to the prevailing NBBO quotes requires significant processing time. In
particular, quotes are updated more frequently than the occurrence of the trades, which
means one needs to update the NBBO quotes every time quotes are updated. For our

research purposes, we follow WRDS guidance and implement the |Lee and Ready| (1991))
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algorithm and the Boehmer, Jones, Zhang, and Zhang| (2020) algorithm using the WRDS
Consolidated Trades (WCT) dataset, which contains all the trades and their matched NBBO
quotes for the seconds 0, -1, -2 and -5 relative to their trade time. WRDS provides a monthly
WCT dataset based on the TAQ monthly product and a daily WCT dataset based on the
TAQ daily product. We primarily use the daily WCT dataset and, when unavailable, the
monthly WCT dataset.

We only use trades and quotes between 9:30 am and 4:00 pm inclusive. To account for
holidays and trading halts, we exclude trading days with less than 6.5 trading hours per
day. When we use the monthly WCT dataset, we impose the following filters to identify
regular trades within the regular trading hours following Bollerslev et al.| (2016]): “cond” in
the list of ('@’ ’F'E’ "’QE’ 'QF’” E')” F’), “corr”=0, “price” >0 and “size” >0. When we
use the daily WCT dataset, we use the same filters except for “corr”=0 as this variable is
not available in the daily WCT dataset. The sale condition variable “cond” in the monthly
WCT dataset is changed to be “Tr_SCond”. Importantly, from December 9, 2013 onwards,
we change the filter for “Tr_SCond” to be in the list of (Q'F'’E’) ’’QE' 'QF’’ E’’ F’’Q
I',’QF I’, ’F I',’T’). We also add @ I’, "QF I’ ’F I',’T’ to the list because from December 9,
2013 onward TAQ uses ‘I’ to indicate Odd Lot trades.

The [Lee and Ready| (1991) algorithm requires matching each trade to a bid-ask quote.
When we use the monthly WCT dataset, we follow the SAS code provided by WRDS and
use the quotes at the end of the previous second | When we use the daily WCT dataset,
we follow Holden and Jacobsen| (2014) and use the prevailing NBBO matched to trades by
WRDS and drop data points for which the market is either locked or CI‘OSSGd.@ The NBBO
of a market is defined as being crossed (locked) if the national best bid is greater than (equal
to) the national best offer.

In a few cases, the TAQ data show recording errors such as misplaced decimal points.
We thus exclude a data point (including the trade and the matched quote data) if the trade
price is 50% smaller than the mid-point quote price or vice versa. We also compute the
median trade price within a day. If the median price is 90% smaller than a trade price or

vice versa, we exclude that data point.

2TSee,  https://wrds-www.wharton.upenn.edu/pages/support /applications/microstructure-research /lee-
and-ready-1991-algorithm/

28Gee, http://www.excelmodeling.com/Holden-and-Jacobsen-Daily-TAQ-and-Monthly-TAQ-Codes-2018-
03-16.zip
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6.3. Merging TAQ Data with CRSP Data

We use the WRDS-provided link tables to merge both the monthly updated and daily up-
dated TAQ data to CRSP. We use the daily linktable when available and supplement it
with the monthly linktable. The monthly and daily linktable provides the TAQ symbol
(i.e., SYMBOL for the monthly linktable, and SYM_ROOT + SYM _SUFFIX for the daily
linktable), NCUSIP, and CRSP PERMNO for each stock-date. However, the match between
TAQ symbol and CRSP PERMNO in the linktable is not unique for a stock-date. Most of
these cases are related to multiple share classes. We use the following procedure to identify
the correct TAQ symbol and CRSP PERMNO match when a match is not unique for a
stock-date.

1. For the daily linktable:

(a) We first delete preferred stocks (i.e., SYM_SUFFIX in the list of PRA, PRB,
PRC) and then compute a match score as the sum of the boolean value of the

following conditions:

i. TAQ SYM_ROOQT is equal to CRSP ticker
ii. TAQ SYM_ROOT and SYM_SUFFIX are equal to CRSP ticker and CRSP

shrels, respectively.

iii. TAQ NCUSIP is equal to CRSP NCUSIP

(b) We then choose the match with the highest score. If we still see multiple TAQ
symbol and CRSP PERMNO matches per stock day, we use the one match for
which TAQ SYM_SUFFIX is empty (i.e., a regular share class).

2. For the monthly linktable:

(a) We compute a match score as the sum of the boolean value of the following

conditions.

i. TAQ SYMBOL is equal to CRSP ticker
ii. TAQ SYMBOL are equal to the concatenated CRSP ticker and CRSP shrcls
iii. TAQ CUSIP is equal to CRSP NCUSIP

(b) We then choose the match with the highest score. In 0.02% of the cases, we still
see multiple TAQ symbol and CRSP PERMNO matches per stock day, due to the

recording error. For these stock dates that have duplicated matches, we use the
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unique TAQ symbol and CRSP PERMNO match for this stock from the nearest
date.

3. The cleaned daily linktable and the monthly linktable as described above match a
unique TAQ symbol to each CRSP PERMNO-date. We then use these cleaned link-
tables to merge with CRSP data. For each CRSP PERMNO-date, we use the TAQ
symbol from the daily linktable whenever possible, which is then supplemented with the
monthly linktable. We find that some CRSP PERMNO-dates do not have TAQ sym-
bol data from either the daily linktable or the monthly linktable. Most of these cases
happen around the dates when there are ticker changes. For these CRSP PERMNO-
dates that have missing TAQ symbol, we use the TAQ symbol for the same CRSP
PERMNO-ticker in the same year (forward filled first and then backward filled) from
the daily linktable, and again supplemented with the monthly linktable. After these
steps above, we have a unique non-missing TAQ symbol for 99.8% of the PERMNO-

date observations in our sample.

6.4. Alternative Open and Close Prices

When we compute ry and rp using prices later (earlier) than 9:30 am (4:00 pm) from
TAQ database as the alternative specifications of Pypen(Priose), we follow Nagel (2012) and
Bogousslavsky| (2021]) in using the CRSP adjustment factor (FACPR) and dividend payment
(DIVAMT) to adjust for stock splits and dividends. Specifically, we first compute the daily
dividend, div,, as the sum of DIVAMT for each firm. We then compute the close-to-close

return based on the P, as follows,

Pclose,d X FACPRd + dz’vd

Pclose,d—l

Tclose-to-close,d —

The calculation for rp 4 remains the same as that in Eq. (1) of the main paper and we
then use Eq. (2) of the main paper to back out the overnight return.

To mitigate the influence of outliers when using the alternative open and close prices,
we set the intraday and overnight returns to be missing on a given day if the intraday or
overnight return calculated using first/last mid-quotes is more than 25 percentage points

different from the corresponding CRSP intraday or overnight return.
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Figure 1: Cross-sectional Pricing Performance

This figure plots the average (market-adjusted) NMD return against the predicted NMD returns
from five benchmark factor models (CAPM, FF5, HXZ4, SY4, and DHS3), our proposed one-factor
models based on NMD SDF and NMD CS, and a two-factor model based on the first two PCs. In
Panel A, the test assets include the 17 LPS portfolios. In Panel B, the test assets include the 17
LPS portfolios and 80 long-short portfolios sorted on additional anomaly signals from |Green, Hand,
and Zhang (2017)). The portfolio returns are measured between February 1st, 1996 and December
31st, 2020.
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Figure 2: Ordered Sharpe Ratios

This figure plots the annualized Sharpe ratio of NMD SDF and NMD CS, as well as that of the
17 LPS portfolios. The portfolio returns are measured between February 1st, 1996 and December
31st, 2020.
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Figure 3: Long-term Predictability of NMD CS

This figure plots the time-series average of the overnight (RN), intraday (RD), night-minus-day
(NMD), and close-to-close (RET) returns of the long-short portfolio sorted on C'S (the composite
predictive signal for NMD returns) 1 to 60 months after the measurement of C'S. We report
95% confidence intervals around the mean return based on two times the |[Newey and West| (1987)
standard error with 21 lags. The portfolio returns are measured between February 1st, 1996 and
December 31st, 2020.
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Figure 4: Relation with Liquidity Provision Factor

This figure plots the six-month moving averages of liquidity provision factor (LIQ) proposed by
against each of NMD SDF and NMD CS. The left axis refers to the scale of LIQ and
the right axis refers to the scale of the NMD pricing factor. The sample period is from January
1998 to December 2020.

+ 200
150 |
<)
— (]
o 4
= 150 &
o o
! 8
100 <
N z
[] (=
> 100 <
15 8
< <
& 50 &
le] (%]
= - 50 g
z
07 Fo
T T T T T
2000 2005 2010 2015 2020
month
1 1 1 1 1
- 400
150 |
— 300 B
3 i
m 9
' (]
7 100 N
N F20
© c
C
2 <
< )
2 50 [ 100 @
e} o
— =
z
o
0 -
T T T T T
2000 2005 2010 2015 2020
month



Table 1: NMD Returns and Standard Factor Models

This table presents the time-series average of the unadjusted NMD returns of the 17 LPS portfolios
defined in Section [1.3] as well as the corresponding alphas relative to standard factor models.
The standard factor models include the CAPM, the five-factor model of |[Fama and French (2016
(FF5) , the g-factor model of Hou, Mo, Xue, and Zhang (2019) (HXZ4), the mispricing model of
Stambaugh and Yuan! (2017) (SY4), or the behavioral model of Daniel, Hirshleifer, and Sun (2020)
(DHS3). All portfolio returns are annualized to be in percentage points per annum. We report
t-statistics computed from Newey and West| (1987) standard errors with 21 lags in the parentheses.
The portfolio returns are measured between February 1st, 1996 and December 31st, 2020.

Slgnal R aCAPM aFFS aHXZ4 OZSY4 aDHSS
Dy 6587 6694 6442 6587 7244 62.10
(10.58) (10.79) (10.79) (10.81) (10.98) (10.15)
N 69.57 7040 6832 70.09 80.36  71.74
(11.94) (11.98) (12.25) (11.98) (11.74) (12.14)
regma 3620 3693  34.99 3530 36.64 3221
(7.19)  (7.38) (7.16) (7.19) (6.71)  (6.72)
e 6437 6521 6357 6551  73.64  66.11
(13.34) (13.42) (13.63) (13.39) (13.28) (13.46)
BETA 4900  53.10 4639 4852 4846  47.46
(7.92)  (9.04) (8.22) (8.42) (7.40) (8.16)
IVOL 60.01 6238 56.79 57.91  61.54  56.04
(8.98) (9.63) (9.76) (9.76) (8.74)  (9.09)
BM 510  -527  -481  -3.68 441  -4.20
(-1.32) (-1.36) (-1.44) (-1.01) (-1.05) (-1.10)
ISSUE 2573 2676 24.04 24.63 2675  23.64

(8.07) (837) (8.12) (8.09) (7.69) (7.85)
ACCRUALS  -533  -559  -5.01  -4.14  -477  -4.12
(-1.64) (-1.71) (-1.62) (-1.26) (-1.34) (-1.28)

INV 21.07 2150 21.08 2044  20.88  19.52
(6.68) (6.85) (6.96) (6.61) (6.18) (6.28)
ROE 2387 -2524 2151 -22.39 -25.10 -21.36
(-6.38) (-6.92) (-6.83) (-6.85) (-6.62) (-6.53)
ME 118 -009 -019 041 126  3.20
(0.37)  (-0.03) (-0.09) (0.18) (0.51)  (1.06)
SUE 159 170 302 252 276 231
(0.55)  (0.59) (1.10)  (0.89) (0.85)  (0.81)
MOM 27.03 2750 28.22  30.87 3834 3253
(4.48) (451) (491) (5.09) (5.78)  (5.57)
STR 26.00 -26.34 -25.05 -25.35 -25.04 -21.77

(-4.53)  (-4.57) (-4.50) (-4.50) (-3.99) (-3.79)
TURNOVER 5343 5590  50.09 51.64 5570  50.91
(9.43)  (10.17) (9.61) (9.87) (9.32)  (9.42)
INDMOM 1647 1647 1743 1925  24.86  19.40
(3.92) (3.91) (4.26) (4.48) (5.26) (4.48)
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Table 2: Summary Statistics

This table presents the mean, standard deviation, and Sharpe ratio for NMD SDF, NMD CS, the
first three PCs, the liquidity provision factor of |Nagel (2012)) (LIQ), and the short-term reversal
factor provided by Ken French (FF Rev). All returns are in percentage points per annum. The
portfolio returns are measured between February 1st, 1996 and December 31st, 2020.

Mean SD SR
NMD SDF 44.89 9.01 4.99
NMD CS 94.73 21.72 4.36

PC1 34.16 1247 2.74
PC2 21.33 11.13 1.92
PC3 10.01 10.03 1.00
LIQ 62.47 10.07 6.21

FF REV 14.02  15.18 0.92
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Table 3: Pricing Performance of the Factor Models

This table presents the pricing performance of several factor models for explaining NMD returns.
Columns (1) and (2) report the cross-sectional means of the absolute alpha and the absolute
t—statistic, respectively. Column (3) reports the cross-sectional R? calculated using Eq. .
We include five benchmark factor models: CAPM, FF5, HXZ4, SY4, and DHS3. Our proposed
one-factor models are based on NMD SDF and NMD CS. We also include a two-factor model based
on the first two PCs. In Panel A, the test assets consist of the 17 LPS portfolios. In Panel B, the
test assets include the 17 LPS portfolios and 80 long-short portfolios sorted on additional anomaly
characteristics from |Green, Hand, and Zhang| (2017)). We report t-statistics computed from Newey
and West| (1987) standard errors with 21 lags. All returns are in percentage points per annum.
The portfolio returns are measured between February 1st, 1996 and December 31st, 2020.

Panel A - 17 LPS Portfolios

Model |a] [t| R*%S
CAPM 3142 6.29 0.00
FF5 29.54 6.31 0.11
HXZ4 30.30 6.29 0.06
SY4 33.82 6.38 0.10
DHS3 29.82 6.07 0.09
NMD SDF 734 126 0.94
NMD CS 12.38 2.06 0.84
PC14+PC2 14.57 3.36 0.76

Panel B - Expanded Test Assets

Model |a] [t| RS
CAPM 19.43 4.49 0.00
FF5 17.28 444 0.19
HXZ4 1786 4.43 0.14
SY4 20.17 4.44 0.18
DHS3 17.66 4.25 0.17
NMD SDF 920 1.86 0.79
NMD CS 936 191 0.78
PC14+PC2 10.05 2.68 0.72
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Table 4: NMD Factor Structure

This table reports on the percentage of the total variance explained by the first 10 PCs extracted
from the NMD returns of the 17 LPS portfolios. All returns are in percentage points per annum.
The portfolio returns are measured between February 1st, 1996 and December 31st, 2020.

Type PC1 PC2 PC3 PC4 PC5 PC6 to PC10

Ry Perc Variance 0.25 0.21 0.13 0.07 0.06 0.17
Cumulative Perc 0.25 046 0.59 0.66 0.72 0.89

Rp Perc Variance 0.27 0.23 0.13 0.06 0.06 0.15
Cumulative Perc 0.27 0.50 0.63 0.70 0.75 0.90

NMD Perc Variance 0.26 0.22 0.13 0.07 0.06 0.16
Cumulative Perc 0.26 048 0.61 0.68 0.73 0.90
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Table 5: Relation to PCs

This table reports on time-series regressions of the NMD pricing factor on the first three PCs of the
NMD returns of the 17 LPS portfolios. The dependent variable is either NMD SDF or NMD CS.
We report t-statistics computed from [Newey and West| (1987) standard errors with 21 lags in the
parentheses. All returns are in percentage points per annum. The portfolio returns are measured
between February 1st, 1996 and December 31st, 2020. ***, ** and * indicate statistical significance
at the 1%, 5%, and 10% level, respectively.

NMD SDF; NMD CS;
(1) (2) (3) (4) (5) (6)
PC1, 0.494** 0468 0465  1.331"*  1.205"*  1.293*
(11.225)  (15.559)  (15.731)  (21.472)  (24.331)  (24.782)
PC2, 0.343*  (.343" 0472 0473
(7.939)  (9.416) (5.655)  (5.944)
PC3, 0.178%* 0.117*
(5.958) (1.840)
Constant 28.019*  21.505"**  19.895"*  49.283"**  40.431*  39.315"**

(13.063)  (10.806)  (10.670)  (12.520)  (10.941)  (10.496)

N 6,273 6,273 6,273 6,273 6,273 6,273
Adjusted R? 0.468 0.646 0.685 0.583 0.642 0.644
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Table 6: Relation to Sentiment-driven Demand

Columns “9:30 am” to “11:00 am” of Panel A reports the average returns of NMD SDF and NMD
CS when using the first midquote after 9:30 am, 10:00 am, 10:30 am, and 11:00 am to replace
the CRSP open price as Pc(l)lOen to compute the NMD returns, respectively. Columns “2:30 pm”
to “4:00 pm” of Panel A reports the average returns of NMD SDF and NMD CS when using the
last midquote before 2:30 pm, 3:00 pm, 3:30 pm, and 4:00 pm as Pc‘glose to compute the NMD
returns. Panel B presents the time-series average of the order imbalances associated with NMD
SDF and NMD CS. Each column presents the ending point of a half-hour trading interval during
market trading hours, with the “Open” (“Close”) column ending at 10:00 am (4:00 pm). OI is
the total order imbalances identified by the |Lee and Ready| (1991)) algorithm and ROI is the retail
order imbalances identified by the |Boehmer, Jones, Zhang, and Zhang| (2020) algorithm. We report
t-statistics computed from Newey and West| (1987) standard errors with 21 lags in the parentheses.
The portfolio returns are in percentage per annum and are measured between February 1st, 1996
and December 31st, 2020. The order imbalances are in annualized percentages of the market
capitalization and are measured between November 1st, 2007 and December 31st, 2020.

Panel A - Alternative Specifications of P;*™and Pl

NMD SDF 09:30 am 10:00 am 10:30 am 11:00 am 02:30 pm 03:00 pm 3:30 pm 4:00 pm
D -24.99 -9.18 -6.12 -4.71 -24.15 -24.85 -26.34 -25.68
(-11.48) (-6.36) (-4.91) (-4.27) (-12.46)  (-12.00) (-11.76) (-11.49)
TN 23.68 7.45 4.25 2.82 21.82 22.83 23.84 23.10
(15.47) (6.42) (3.46) (1.97) (13.19) (13.39) (13.61)  (13.99)
NMD 48.67 16.62 10.37 7.54 45.97 47.68 50.18 48.78
(14.91) (9.19) (6.48) (4.36) (15.11) (14.71) (14.27)  (14.30)
NMD CS 09:30 am 10:00 am 10:30 am 11:00 am 02:30 pm 03:00 pm 3:30 pm  4:00 pm
(%) -52.51 -18.05 -10.43 -8.89 -51.18 -52.32 -55.40 -53.59
(-9.74) (-4.57) (-3.19) (-3.12) (-10.62)  (-10.38) (-10.45) (-10.01)
rN 54.08 18.45 10.50 8.94 54.93 56.28 58.26 56.35
(14.96) (5.94) (3.13) (2.32) (14.35) (14.55) (15.21)  (15.44)
NMD 106.60 36.50 20.93 17.83 106.11 108.60 113.66 109.94
(14.08) (7.57) (5.12) (4.11) (15.56) (15.20) (15.20)  (14.95)

Panel B - Intraday Order Imbalances

NMD SDF  Open 10:30 am 11:00 am 11:30 am 12:00 pm 12:30 pm  1:00 pm 1:30 pm 2:00 pm 2:30 pm 3:00 pm 3:30 pm  Close
Ol 1.41 1.03 0.76 0.61 0.60 0.47 0.37 0.41 0.34 0.25 0.64 0.28 0.89
(3.97) (5.71) (2.98) (3.53) (4.19) (4.93) (3.74) (4.24) (3.34) (2.93) (4.34) (2.19) (4.98)

ROI 1.12 0.62 0.48 0.40 0.36 0.31 0.29 0.25 0.22 0.24 0.24 0.14 -0.07
(7.12) (6.42) (6.09) (6.51) (6.96) (5.36) (5.78) (6.09) (5.72) (4.80) (5.70) (3.20)  (-1.13)

OI-ROI 0.29 0.41 0.28 0.21 0.24 0.16 0.09 0.16 0.12 0.01 0.41 0.14 0.96
(1.08) (3.00) (1.36) (1.52) (1.98) (2.19) (0.90) (1.70) (1.37) (0.20) (3.40) (1.17) (6.71)

NMD CS Open 10:30 am 11:00 am 11:30 am  12:00 pm 12:30 pm  1:00 pm  1:30 pm 2:00 pm  2:30 pm 3:00 pm 3:30 pm  Close

Ol 2.99 1.64 1.59 1.42 0.77 0.84 0.63 0.45 0.16 0.18 0.86 -0.32 1.14
(3.24) (3.07) (2.44) (2.97) (1.89) (2.29) (2.16) (1.11) (0.44) (0.73) (1.65) (-0.78)  (1.76)

ROI 3.01 1.63 1.19 0.97 0.87 0.72 0.69 0.52 0.46 0.49 0.47 0.20 -0.36
(8.68) (8.87) (8.65) (7.90) (9.37) (6.25) (7.31) (5.73) (5.33) (4.72) (5.27) (1.94)  (-1.70)

OI-ROI -0.01 0.01 0.39 0.45 -0.11 0.11 -0.06 -0.07 -0.31 -0.31 0.38 -0.52 1.50
(-0.02) (0.01) (0.70) (1.08) (-0.30) (0.36) (-0.22) (-0.20) (-0.95) (-1.48) (0.79) (-1.27)  (2.54)
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Table 7: Relation to the Required Returns from Liquidity Provision

This table presents time-series regressions of the monthly average returns of the NMD pricing factor
on that of Nagel (2012)’s liquidity provision factor (LIQ) or the short-term reversal factor provided
by Ken French (FF REV). We report t-statistics computed from Newey and West, (1987)) standard
errors with 12 lags in the parentheses under the coefficients. All returns are in percentage points

kokk  kk

per annum. The sample period is from January 1998 to December 2020. , **, and * indicate
statistical significance at the 1%, 5%, and 10% level, respectively.

NMD SDF, NMD CS, NMD SDF, NMD CS,
(1) (2) (3) (4)
LIQ, 0.603** 1.2127
(5.393) (5.737)
FF REV, 0.055 —0.068
(0.965) (—0.451)
Constant 6.698 17.767* 435227 94112
(1.461) (1.762) (5.077) (5.513)
N 287 287 287 287
Adjusted R? 0.345 0.272 —0.0005 —0.003
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Table 8: Sentiment-driven Demand vs. Required Returns from Liquidity Provi-
sion

This table presents monthly time-series regressions of the NMD pricing factor on the sentiment-

driven demand proxied by the OI (ROI) in the first 30-minute trading interval and/or the required

returns from liquidity provision proxied by Nagel (2012))’s liquidity provision factor. We report

t-statistics computed from Newey and West| (1987)) standard errors with 12 lags in the parentheses
kkk o oksk

under the coefficients. The sample period is from January 1998 to December 2020. , ¥, and *
indicate statistical significance at the 1%, 5%, and 10% level, respectively.

NMD SDF, NMD CS, NMD SDF, NMD Cs,
1) (2) ©) 4) (5) (6) (7) (®)
OI SDF; 1254 1.254°

(3.915)  (3.606)

o1 CS, 0.910°*  0.905"
(4.130)  (3.679)
ROI SDF, 8.178%  5.930"
(2.493)  (1.989)
ROI CS, 5.505*  5.734*
(1.733)  (2.057)
LIQ, 0.330"** 0702 0.345" 0.889"**
(5.193) (4.094) (3.758) (4.182)

Pre Decim,  59.203°*  32.108*  116.154**  58.924*
(4.077)  (1.993)  (3.846)  (1.676)

Constant 23.204%  TA61™ 52613 10.177* 12436  —1.733  32.098*  —11.632
(5.050)  (1.999)  (5.716)  (1.952)  (2.262) (—0.486)  (2.169)  (—0.968)

N 287 287 287 287 158 158 158 158
Adjusted R? 0.457 0.518 0.326 0.379 0.043 0.269 0.013 0.209
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Appendix
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Figure 5: Timing of the Mispricing Underlying NMD Return Predictabilities

Panel A (Panel B) visualizes the hypothesis that the NMD return predictabilities are driven by
sentiment-driven demand that occurs repeatedly each day at the market open (at the market close),
while the opposing clientele demand offsets such demands during the rest of the day. We assume
the price is equal to the fundamental value at the market close (open) in Panel A (B) to simplify
the exposition, but such an assumption is not necessary for what we want to show. In Panel
A, the fundamental value of the stock is $1. The price at 9:30 am is overpriced at $6, and the
overpricing is fully corrected by 10:00 am. Using the 9:30 am price as Pypen to compute returns
results in a positive ry and a negative rp. In contrast, using the 10:00 am price as Pypen to compute
returns results in a zero ry and rp and thus zero night-minus-day return predictability. In Panel
B, the fundamental value of the stock is $6. The price at 4:00 pm is underpriced at $1, and the
underpricing is fully corrected by the market open of the next day. Using the 4:00 pm price as
Prose to compute returns results in a positive ry and negative rp. In contrast, using the 3:30 pm
price as Pggse to compute returns results in a zero 7y and rp and thus zero night-minus-day return
predictability.

Panel A

Hypothesis I: Mispricing at open

Ui

™
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Panel B

Hypothesis Il: Mispricing at close
N
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Table 9: VWP Specification: NMD Returns and Standard Factor Models

This table reports the results of Table [1} using the volume-weighted price in the first 30-minute
trading interval to compute NMD returns.

Signal R aCAPM aFF5 aHXZ4 aSY4 aDHS3
D 36.64 3690 3535 36.15 4206 3453
(7.26) (7.35) (7.21) (7.29) (7.66)  (6.89)
N 4206  42.63 41.68 4243  51.09  43.36
(10.01) (10.13) (10.15) (9.87) (10.29) (10.06)
royma 1642 1669 1531 1547 1710  14.59
(3.96) (4.04) (3.73) (3.78) (3.69) (3.58)
riyma 4282 4334 42,66  43.73  50.08 4371
(11.05) (11.17) (11.26) (11.11) (11.92) (11.19)
BETA 3830 4096 37.18 3880 3881  37.85
(6.91) (7.57) (6.96) (7.07) (6.19) (6.88)
IVOL 4257  43.85  40.67 41.33 4632  40.36
(7.75)  (8.12)  (8.00) (8.04) (7.75) (7.62)
BM 019 -043 036  1.03  1.02  0.38
(-0.06) (-0.13) (0.11) (0.32) (0.28)  (0.12)
ISSUE 988 1042 883 918 1294  8.60

(359) (3.77) (3.40) (3.43) (4.32) (3.23)
ACCRUALS  -7.66 -7.88  -7.58 -6.94 -744  -6.82
(-2.72)  (-2.81) (-2.74) (-2.44) (-2.36) (-2.42)

INV 1175 1178 11.61 1141 1244  10.96
(4.61)  (4.61) (4.60) (4.44) (4.38)  (4.26)
ROE 1536 -15.88 -13.80 -14.30 -17.42 -13.39
(-5.04) (-5.22) (-5.02) (-5.11) (-5.56) (-4.76)
ME 1094 1038 1035 1049  11.97 1257
(3.83)  (3.71) (457) (4.64) (4.83) (4.51)
SUE 316 306 382 352 314 372
(1.29)  (1.23) (1.55) (1.41) (1.14) (1.48)
MOM 2326 2379 2454 2546 2858  26.92
(4.74)  (4.80)  (5.00) (5.02) (5.02) (5.50)
STR 1397 -13.71  -1259  -12.95 -13.57 -11.51

(-2.96) (-2.91) (-2.77) (-2.82) (-2.63) (-2.44)
TURNOVER 47.32 4878 4534 4632 5047  45.93
(9.77)  (10.13) (9.82)  (9.80)  (9.51)  (9.66)
INDMOM 1759 17.61 1811 1877  23.07  19.66
(4.62) (458) (475) (471) (5.17)  (4.93)
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Table 10: VWP Specification: Summary Statistics

This table reports the results of Table [2| using the volume-weighted price in the first 30-minute
trading interval to compute NMD returns.

Mean SD SR
NMD SDF 26.48 7.10 3.73
NMD CS 60.48 20.20 2.99

PC1 22.64 11.53 1.96
pPC2 17.14 982 1.75
PC3 5.13  9.06 0.57
LIQ 62.45 10.07 6.20

FF REV 14.03 15.18 0.92
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Table 11: VWP Specification: Pricing Performance of the Factor Models

This table reports the results of Table |3] using the volume-weighted price in the first 30-minute
trading interval to compute NMD returns.

Panel A - 17 LPS Portfolios

Model |a] [t|] R*XS
CAPM 21.20 5.16 0.00
FF5 20.09 5.10 0.10
HXZ4 20.50 5.10 0.06
SY4 23.76 545 0.07
DHS3 20.44 497 0.06

NMD SDF 4.71 120 0.95
NMD CS 9.90 244 0.76
PC1+PC2 9.21 282 0.79

Panel B - Expanded Test Assets

Model || [t|]  R*XS
CAPM 13.92 3.88 0.00
FFb5 12.68 3.76 0.15
HXZ4 12.99 3.76 0.11
SY4 15.31 4.04 0.14
DHS3 12.93 3.66 0.12

NMD SDF 595 1.69 0.83
NMD CS 6.57 189 0.74
PC1+PC2 727 245 0.73
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Table 12: VWP Specification: NMD Factor Structure

This table reports the results of Table 4] using the volume-weighted price in the first 30-minute
trading interval to compute NMD returns.

Type PC1 PC2 PC3 PC4 PC5 PC6 toPC10

Ry Perc Variance 0.25 0.22 0.14 0.06 0.06 0.17
Cumulative Perc 0.25 046 0.61 0.67 0.73 0.89

Rp Perc Variance 0.28 0.22 0.13 0.07 0.06 0.15
Cumulative Perc  0.28 0.51 0.63 0.70 0.75 0.90

NMD  Perc Variance  0.27 0.21 0.13 0.06 0.06 0.16
Cumulative Perc 0.27 048 0.61 0.67 0.73 0.89
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Table 13: VWP Specification: Relation to PCs

This table reports the results of Table o] using the volume-weighted price in the first 30-minute
trading interval to compute NMD returns.

NMD SDF, NMD CS,
(1) (2) (3) (4) (5) (6)
PC1, 0.368"**  0.348*  0.345™* 1317 1.204** 1292
(10.513)  (12.396)  (12.362)  (26.273)  (24.335)  (24.661)
PC2, 0.380"**  0.385" 0.428"*  0.431*
(12.794)  (13.785) (5.637)  (5.653)
PC3, 0.140*** 0.082
(6.509) (1.343)
Constant 18.147*  12.084*  11.351"*  30.671**  23.851"*  23.423***

(12.614)  (9.575)  (9.642)  (9.898)  (8.354)  (8.058)

N 6,271 6,271 6,271 6,271 6,271 6,271
Adjusted R? 0.357 0.633 0.665 0.565 0.608 0.610
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Table 14: VWP Specification: Relation to Sentiment-driven Demand

This table reports the results of Panel B of Table [6] using the volume-weighted price in the first
30-minute trading interval to compute NMD returns.

NMD SDF  Open 10:30 am 11:00 am 11:30 am  12:00 pm 12:30 pm  1:00 pm 1:30 pm 2:00 pm 2:30 pm 3:00 pm 3:30 pm  Close
Ol 1.33 0.68 0.51 0.38 0.35 0.32 0.20 0.26 0.12 0.04 0.40 -0.06 0.20
(3.92) (4.24) (2.04) (2.31) (2.30) (2.68) (1.74) (2.45) (1.06) (0.43) (2.70) (-0.49)  (1.01)

ROI 1.12 0.58 0.44 0.35 0.32 0.26 0.25 0.21 0.19 0.20 0.19 0.10 -0.12
(7.87) (6.65) (6.38) (6.53) (7.14) (5.18) (5.86) (5.83) (5.18) (4.39) (5.55) (2.33)  (-1.84)

OI-ROI 0.21 0.11 0.07 0.02 0.04 0.06 -0.05 0.04 -0.07 -0.16 0.21 -0.16 0.31
(0.80) (0.84) (0.33) (0.19) (0.26) (0.63) (-0.54) (0.44) (-0.66)  (-2.16) (1.60) (-1.43)  (1.95)

NMD CS Open 10:30 am 11:00 am 11:30 am  12:00 pm 12:30 pm 1:00 pm  1:30 pm 2:00 pm 2:30 pm 3:00 pm 3:30 pm  Close

Ol 2.99 1.64 1.59 1.42 0.77 0.84 0.63 0.45 0.16 0.18 0.86 -0.32 1.14
(3.24) (3.07) (2.44) (2.97) (1.89) (2.29) (2.16) (1.11) (0.44) (0.73) (1.65) (-0.78)  (1.76)

ROI 3.01 1.63 1.19 0.97 0.87 0.72 0.69 0.52 0.46 0.49 0.47 0.20 -0.36
(8.68) (8.87) (8.65) (7.90) (9.37) (6.25) (7.31) (5.73) (5.33) (4.72) (5.27) (1.94)  (-1.70)

OI-ROI -0.01 0.01 0.39 0.45 -0.11 0.11 -0.06 -0.07 -0.31 -0.31 0.38 -0.52 1.50
(-0.02) (0.01) (0.70) (1.08) (-0.30) (0.36) (-0.22)  (-0.20)  (-0.95)  (-1.48) (0.79) (-1.27)  (2.54)
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Table 15: VWP Specification: Relation to the Required Returns from Liquidity
Provision

This table reports the results of Table [7] using the volume-weighted price in the first 30-minute
trading interval to compute NMD returns.

NMD SDF, NMD CS; NMD SDF, NMD CS§;

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

LIQ, 0.342%* 0.896***

(3.905) (4.392)
FF REV, 0.004 —0.143

(0.135) (—1.200)

Constant 4,630 3.370 25.864**  60.990"*

(1.261) (0.361) (4.935) (4.691)
N 287 287 287 287
Adjusted R2 0.245 0.222 —0.003 0.002

93



Table 16: VWP Specification: Sentiment-driven Demand vs. Required Returns
from Liquidity Provision

This table reports the results of Table [§ using the volume-weighted price in the first 30-minute
trading interval to compute NMD returns.

NMD SDF, NMD CS, NMD SDF, NMD CS,
(1) (2) (3) (4) (5) (6) (7) (8)
OI SDF, 0.940%*  0.931***
(5.361)  (4.773)
oI CS, 0.645"*  0.643"
(2.775) (2.561)
ROI SDF, 5.049* 4703
(2.379)  (2.292)
ROI CS, 5168 5.280*
(2.043)  (2.119)
LIQ, 0.120** 0.380" 0.101* 0.434*
(3.064) (2.589) (2.297) (2.449)

Pre-Decim,  35.801%*  26.173"*  104.189*  73.199™
(5.861)  (4.464) (4.463) (3.117)

Constant 10765 5108  26.472" 8.382 4449  —0041 5480  —15.882
(5.210)  (1.854) (4.489) (0.920)  (1.446) (—0.012) (0.599) (—1.312)

N 287 287 287 287 158 158 158 158
Adjusted R? 0.465 0.481 0.337 0.359 0.025 0.058 0.021 0.094
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