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Abstract

We show that the stock market regularly and systematically receives information
about company fundamentals through month-end reporting, even before the quar-
terly earnings announcement. Such cash-flow news concentrates at the beginning of
a month and affects company announcements, analyst revisions, and stock returns.
Using this time variation in cash-flow news, we show evidence supporting cash-flow
news being more persistent than discount-rate news. Individual stock returns exhibit
a post-monthly-announcement drift. Time series market momentum exists only when
conditioning on past first-half month return, and is stronger when the past market-

wide earnings surprise is bigger.

“The authors are grateful for comments from Geert Bekaert, Zhi Da, Laura Xiaolei Liu, Abhiroop Mukher-
jee, Joel Peress, Henri Servaes, David Solomon, John Wei, and seminar participants at the Australasian Finance
and Banking Conference, Chinese University of Hong Kong, Hong Kong University of Science and Technol-
ogy, International Conference on Corporate Finance and Capital Markets, and Shanghai Advanced Institute
of Finance.

tShanghai Advanced Institute of Finance. E-mail: yrhong@saif.sjtu.edu.cn

iHong Kong University of Science and Technology, Department of Finance, Room 5069, Lee Shau Kee
Business Building, Clear Water Bay, Hong Kong. E-mail: jialin@ust.hk


yrhong@saif.sjtu.edu.cn
jialin@ust.hk
drcharmat
Highlight

drcharmat
Highlight

drcharmat
Highlight


1 Introduction

A central issue in finance is to understand the drivers of asset price movements. Prices can
move due to revisions in expected cash flows or revisions in discount rates, which are often
termed “cash-flow news” or “discount-rate news”.! To test the asset pricing implications
of cash-flow versus discount-rate news requires decomposing price movements into cash-
flow news and discount-rate news. However, Chen and Zhao (2009) point out that such
decomposition is empirically challenging.

In this paper, we first show that the stock market regularly and systematically receives
cash-flow news at the beginning of a month. Such concentrated arrival of cash-flow news
in a short time window offers some advantages for identifying the effects of cash-flow
versus discount-rate news. We then use this setting to test a key hypothesis regarding cash-
flow news—price changes due to cash-flow news are more persistent than price changes
due to discount-rate news. We find supportive evidence for the hypothesis and shed new
light on the post-announcement price drift and the time-series market momentum.

The cash-flow news we study comes from the month-end reports. There are several
reasons why firms produce month-end reports for internal or external uses. First, there
is a widely adopted business practice called “month-end closing,” which is an account-
ing procedure undertaken at the month end to close out the posting period. It includes
settling work in progress material, reconciling inventory discrepancies, depreciating fixed
assets, posting billing documents, and payroll. Many firms perform the month-end clos-
ing and usually complete it shortly after month end. Based on the responses by 2,300 firms

worldwide in the General Accounting and Reporting Open Standards Benchmarking sur-

IFor example, asset pricing models in Bansal and Yaron (2004) and Barro and Urstia (2012) illustrate the
importance of long-run cash-flow risk or disaster risk, while Campbell and Cochrane (1999) feature time-
varying discount rates due to risk aversion. On the other hand, Shiller (1992) shows that stock-price variations
cannot be accounted for by information regarding future dividends, and there appears to be excess volatility.
And excess trading and predictable returns can be a consequence of investor behavioral biases, according to
Daniel and Hirshleifer (2015). The discount-rate news is sometimes also known as the “expected-return news”
in, for example, Callen and Segal (2004) and Hecht and Vuolteenaho (2006).
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vey conducted by the American Productivity & Quality Center (APQC), APQC (2018) finds
that the median time to complete the monthly consolidated financial statements is 6.4 days.
The fastest 25% of firms complete in 4.8 days, while the slowest 25% of firms need ten or
more days. The second reason firms produce monthly summary is that the annual bud-
gets of firms often require a monthly update, known as the monthly budget report, to see
whether income against spending is in line with the budget. Third, even though monthly
reports are not mandatory for all firms, some firms are obligated to disclose monthly per-
formance to selected external institutions. For example, some loans require monthly veri-
fication of covenants. The commercial loan agreement guide CGAP (2006, p. 30) states that
“Borrowers should note that lenders take financial covenants, including any requirement
to provide monthly financial statements and other documentation, very seriously.”

We begin by studying firms that publicly disclose their monthly reports, and then ex-
tend the analysis to the entire cross-section of stocks and the aggregate market. We iden-
tify 5,760 month-end reports issued by 47 firms in the S&P 500 index. The monthly reports
are from Bloomberg, and their announcement dates are from the Thomson Reuters Real-
Time News database. We confirm that the monthly reports are announced shortly after the
month end. 44% of these reports tracked by Bloomberg are announced within the first five
calendar days of a month, and 87% are in the first half month.

The monthly reports carry cash-flow news. Those stocks with higher cumulative ab-
normal returns (CAR) in the three-day [—1,1] window around the monthly report an-
nouncements have higher quarterly earnings surprises and higher analyst revisions, which
holds even for months before the quarter end. For example, consider the quarter of October—
December (Q4). Our results indicate that the monthly announcements at the beginning of
November and December, regarding the firm performance in October and November, are
informative about the quarterly earnings.

In addition to quarterly earnings and analyst revision, the monthly announcement also
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Problem: we can only separate them to Top/Bottom
category when we know the end of the month price.

affects the contemporaneous return dynamics of the announcing firms. Those stocks with
igh monthly announcement CAR have disproportionately higher returns in the first half
H;j) than the second half (H>) of the month because the monthly announcements are con-

entrated in the first half of a month. Surprisingly, the effect remains when we sort by the

monthly return instead of the announcement CAR. I.e., when we sort stocks based on their
whole-month returns, we find that stocks with high returns in a month have dispropor-

tionately higher returns in H; than H; of the same month. This is surprising because H;

and H, are ex-ante symmetric components of the whole-month return. Further, the effect
is substantial. When sorting stocks into quintiles based on their whole-month returns, the
Hj and H; return difference in the same month is 0.19% per day higher for the top quintile
than the bottom quintile, or equivalently 47.88% annualized. The difference between H;
and H, disappears when we exclude the three-day monthly announcement CAR from the
analysis.? This shows that the cash-flow news revealed by the monthly announcements is
sufficiently large and tilted towards the beginning of a month that it affects the contempo-
raneous return dynamics within a month. To our knowledge, we are the first to point out
this large return dynamics in a month—high (or low) monthly return is disproportionately
realized at the beginning of the same month—and we provide evidence that the monthly
announcements drive such dynamics.

The monthly announcements exhibit a post-announcement return drift. This resem-
bles the quarterly post-earnings-announcement drift (PEAD) in Ball and Brown (1968) and
Chan et al. (1996), where stock returns continue to drift up for “good news” firms and
down for “bad news” firms. Daniel et al. (2020) find that earnings surprise is important for
capturing the short-horizon mispricings and that a parsimonious three-factor model in-

cluding the quarterly PEAD explains a broad range of anomalies. To study post monthly

2The effect is even larger when we compare a shorter window at the beginning of a month versus the rest
of the month, instead of H; versus Hp, and similarly disappears when the three-day monthly announcement
CAR is excluded.
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announcement drift, we rank stocks at the middle of a month by their monthly announce-
ment CAR during the first half of a month and find a positive return drift in the second
half of the month. This post-announcement drift uses calendar time instead of event time,
which is one of the advantages of the monthly announcement setting. Event time is often
used to study quarterly announcements, where the announcements at different times are
aligned as if they occur at the same time. Event time has potential drawbacks.> However,
due to the wide dispersion of quarterly announcement dates, using calendar time for quar-
terly announcements involves using stale surprise measures from the previous quarter, or
using a subset of stocks that have announced the latest quarterly earnings, or a combina-
tion hence potentially comparing surprises from different quarters for different stocks. In
contrast, because most monthly reports are announced at the beginning of a month, we can
use a calendar time approach with the following benefits: (1) the fiscal period is the same
across stocks—previous month, which is also the most recent fiscal period, (2) the earnings
surprise can be measured for most stocks. Therefore, the monthly announcements provide
a cleaner setting for studying the earnings surprise and post-announcement drift.

Next, we examine whether the effects associated with monthly reports extend to all
stocks. Firms may not always publicly disclose their monthly reports to all market partici-
pants. On the other hand, some notions of market efficiency hypothesize that stock prices
reflect all available information, even for information not publicly available to all (Fama
1970). Besides, some firms may not produce monthly reports. Therefore, we test a joint
hypothesis that (1) sufficiently many firms produce monthly reports, and (2) prices reflect
information in the monthly reports even for reports not publicly disclosed to all. We find
evidence supporting this joint hypothesis. First, the number of management guidance and

analyst revision spikes at the beginning of a month, which holds for stocks across various

3For example, Foster et al. (1984) argue that using event time risks relying on information available only
from hindsight—a trading strategy based on the rank of each firm’s earnings surprise is not implementable
until the last firm in the sample has announced its earnings.
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industries. Such spikes suggest that the management and analysts have more informa-
tion at the beginning of a month, consistent with our hypothesis that many firms produce
month-end reports and the information reaches the market at the beginning of the next
month. Second, the pricing implications observed for stocks with Bloomberg monthly
reports carry over to all stocks. The contemporaneous monthly return is realized dispro-
portionately in H; than in H; for all stocks. We also find a post-announcement return drift
using Hj return as a proxy for the monthly announcement surprise, consistent with the
return persistence following cash-flow news. Also, the variance ratio (half-month return
variance to daily return variance) is higher in H; than Hj, further confirming that returns
in H; are more persistent than in H».

After finding evidence that the effects of monthly reports extend to a broad spectrum of
stocks in the cross-section, we study the implication of month-end reports on the aggregate
market. The month-end report information from different firms hits the market at about
the same time—the beginning of the next month. The synchronicity predicts a market-
wide pulse of cash-flow news at the beginning of a month. The synchronous feature is
distinct from the quarterly earnings announcements, which diffuse throughout a quarter.*
Consistent with the market-wide pulse of cash-flow news at the beginning of a month, we
find asset pricing effects for the aggregate market similar to those for individual stocks.
First, high (low) monthly market return is realized disproportionately in H; than in H; of
the same month. After sorting monthly market returns into two groups (above and below
median), the half-month market return difference between H; and H, during the sorting
month is 1.28% higher for the high group than the low group, or equivalently 30.72%
annualized. This is a considerable magnitude for the market return and is consistent with
our hypothesis that cash-flow news is concentrated at the beginning of the month.

Cash-flow news at the beginning of a month implies market return continuation after-

4Patton and Verardo (2012) and Savor and Wilson (2016) study investor learning of aggregate cash flows
from the quarterly earnings announcements of individual firms.
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wards. Consistent with this hypothesis, we find that the time series momentum (TSMOM)
for the market return is almost entirely driven by conditioning on past market return in
H;. Moskowitz et al. (2012) show that the future market return is positively related to the
past market return. If we split the past market return into past H; and past H, returns, the
positive predictability of future market return remains when conditioning on the past H;
return. Past Hj return, if anything, negatively predicts the future market return, which re-
sembles the return reversal documented in Shiller (1992), Campbell and Thompson (2008),
and Cochrane (2008), among others.

The stark contrast between H; and Hy for TSMOM can be reconciled by the time-
varying composition of cash-flow news and discount-rate news within a month. Unlike
cash-flow news, discount-rate news is associated with subsequent return reversal.” If the
composition of information tilts more toward cash-flow news than discount-rate news at
the beginning of a month, it can generate a stronger TSMOM conditioning on the past H;
return than conditioning on the past H, return. To further corroborate this explanation
based on cash-flow news, we find that the contrast between H; and H, for TSMOM is
bigger when there is a bigger cash-flow surprise (measured by the market-wide quarterly
earnings surprise).

To identify possibly causal effects from month-end reporting and rule out alternative
hypotheses, we use three approaches. First, we use the three-day monthly announcement
CAR. Our findings disappear if excluding the three-day announcement window from the
month, thus directly linking the monthly reports and their announcements to the asset
pricing implications. Second, we use a difference in difference approach, comparing the
beginning of a month to the rest of the month (first difference) separately for months with
good or bad cash-flow news (second difference). The difference in difference approach

accounts for the stock-month fixed effects because an omitted variable that has little vari-

5As Campbell and Vuolteenaho (2004) point out, if the market price declines due to investors raising the
discount rate, the expected future return is higher.
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ation within a month is eliminated by comparing the beginning of a month to the rest of
the month for the same stock. Therefore, our result is not driven by exposure to betas in
the widely used factor models at the monthly or coarser frequencies. This approach also
accounts for the market-day fixed effects. An omitted day-of-the-month effect for the mar-
ket return, if any, can be offset by comparing the same day in different months with good
or bad cash-flow news. Lastly, we exploit the disruption of month-end reporting by the
seven-day Chinese New Year holiday, which typically falls in January or February. When
the holiday overlaps with the end of January, it disrupts the end-of-January reporting.
Consistently, we do not detect cash-flow news at the beginning of February for the Chi-
nese stocks cross-listed in the United States, even though cash-flow news is detected at the
beginning of other months for these stocks. When we create a synthetic February starting
from the end of the Chinese New Year holiday, based on the hypothesis that the holiday-
interrupted reporting is carried out after people return from holiday, we detect cash-flow
news at the beginning of the synthetic February.® In contrast, for U.S. stocks, we detect
cash-flow news at the beginning of February but not the synthetic February calibrated to
the Chinese New Year.

We make five contributions to the literature. First, the concentrated arrival of cash-flow
news at the beginning of a month constitutes a new setting for testing asset pricing impli-
cations of cash-flow versus discount-rate news. This setting has some advantages relative
to existing approaches. The existing approaches measure cash-flow news by (1) model-
ing cash-flow news and discount-rate news, and then estimating cash-flow news from
the model using methods such as vector autoregression (e.g., Campbell and Vuolteenaho
2004); or (2) using proxies such as quarterly earnings, alternative data, Wall Street Jour-
nal or other news media. Unlike the first approach, our setting does not require us to

explicitly model cash-flow news and discount-rate news hence avoids potential misspeci-

6We confirmed with several accountants in China that the month-end reporting, if interrupted by the Chi-
nese New Year holiday, is carried out after the holiday for their firms.
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fication. Compared to quarterly earnings announcements, our setting has two advantages.
First, the arrival of cash-flow news is synchronous at the beginning of a month for different
firms. This allows the use of calendar time as opposed to event time in our studies. Such
synchronicity also leads to pronounced cash-flow news for the aggregate market. Second,
the monthly cash-flow news is concentrated in a narrow time frame. This alleviates the
selection issue seen in quarterly disclosures (e.g., DellaVigna and Pollet 2009). There is a
considerable time variation in the amount of cash-flow news from the monthly reports—
87% are announced by the end of the first half month and only 13% in the second half
month. This is a 7 to 1 ratio. Such large and anticipated variation in cash-flow news is use-
tul for researchers interested in comparing asset pricing implications when there is a lot of
cash-flow news versus when there is relatively little cash-flow news. In contrast, quarterly
announcements diffuse throughout a quarter. For alternative data such as satellite image
(Zhu 2019, Mukherjee et al. 2020) or news articles (Tetlock 2007, Engelberg et al. 2018), it is
likely that the satellites provide a similar number of images and newspapers print a simi-
lar number of articles every day. Therefore, ex ante, it is easier to identify days with more
or less cash-flow news in our setting based on month-end reports.

Second, using the cash-flow news at the beginning of a month, we test and find support
for a key implication of cash-flow news—it implies higher persistence for the subsequent
returns than discount-rate news. In the cross-section of individual stocks, we find using a
calendar time approach a post-announcement drift, which Daniel et al. (2020) show is an
important factor in determining the cross-sectional stock returns. For the aggregate mar-
ket, we find a contrast of time series momentum after H; while reversal after H,. This is
consistent with the monthly cash-flow news being concentrated in H; instead of H,. Us-
ing trading activities of speculators and hedgers, Moskowitz et al. (2012) show speculators
profit from time series momentum at the expense of hedgers. We contribute by pointing

out a likely source of information for the speculators. Huang et al. (2019) argue that the
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evidence on time series momentum is weak. There is also literature documenting mar-
ket return reversal in Shiller (1992), Campbell and Thompson (2008), and Cochrane (2008),
among others. Our finding of time series momentum after H; while reversal after H, helps
reconcile the results in Moskowitz et al. (2012), Huang et al. (2019), and the market return
reversal literature. Time series momentum coincides with concentrated cash-flow news at
the beginning of a month, while market return reversal dominates at other times. When
conditioning on lagged monthly market returns, which mixes momentum following H;
and reversal following Hj, we find a weaker time series momentum, which is consistent
with Huang et al. (2019). Therefore, we contribute to the market return momentum and re-
versal literature by showing that the time variation in the composition of cash-flow news
and discount-rate news can shed light on the mixed evidence of time series momentum
and reversal.

Third, we show the cash-flow news concentrated at the beginning of a month leads to a
front-loaded realization of contemporaneous returns. Specifically, a high (or low) monthly
return is realized disproportionately at the beginning of a month. The effect disappears
if we exclude the three-day announcement window of the monthly reports. The market
return also exhibits such front-loaded contemporaneous realization. Such front-loaded
return realization at the beginning of a month is contrary to the implication from a time-
homogeneous Brownian motion, which drives the random shocks in many models of stock
price dynamics. Unlike quarterly earnings announcements, the monthly cash-flow news
concentrates around a deterministic time—the beginning of a month. The arrival of shocks
at a deterministic time, its effect on the modeling choice of stochastic processes, and the
pricing implication on derivative assets likely warrant further studies in the future.

Fourth, to the extent that behavioral biases can drive return predictabilities, the post
monthly announcement drift we document can be consistent with the hypothesis in Daniel

et al. (2020) that “a subset of investors fail to take into account the implications of the latest

10
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earnings surprises,” which generates the post-announcement drift when the mispricing is
subsequently corrected. The announcements of monthly reports are less salient than the
quarterly earnings announcements. Therefore, the hypothesis that some investors do not
pay sufficient attention is likely more applicable to monthly reports than quarterly reports.
Our evidence helps link such behavioral biases to the arrival of cash-flow news.

Lastly, our findings indicate that monthly reports provide a regular preview of quar-
terly earnings. Yet these internal monthly reports are relatively less studied, and their
disclosure attracts less regulatory scrutiny than the quarterly reports. Given our limited
scope, we leave the regulatory and additional asset pricing implications for future studies.

The rest of this paper is organized as follows. Section 2 analyzes companies that pub-
licly disclose their monthly reports. Sections 3 and 4 extend the analysis to the full cross-
section of individual stocks and the aggregate market, respectively. Section 5 contains

some further discussions, and Section 6 concludes.

2 Stocks that Publicly Disclose Monthly Reports

In this section, we analyze firms that publicly disclose their monthly reports. We obtain
the monthly report data from Bloomberg. The Bloomberg data do not contain the an-
nouncement dates of the reports. The announcement dates are obtained from the Thom-
son Reuters Real-Time News database by manually reading through the articles to identify
an exact match to the month-end report. We restrict to firms in the S&P 500 index when
collecting the data on monthly reports. Appendix A details the construction of the sample.

The final sample has 5,760 monthly reports disclosed by 47 firms in the sample period
of January 2000-December 2016. Table Al lists these firms. Figure Al shows the industry
break down of the monthly reports. The top three industries are retail, financial service,
and airlines. The monthly report does not have a standardized format. Different firms can

report different data items. For example, Costco (a retailer) reports a total of 26 unique

11
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data items, including revenue, same-store sales, number of locations, sales per customer
growth, EBIT, EBITDA, among others. American Express, a financial service firm, reports
16 unique data items, three of which do not overlap with Costco’s data items (total loans,
card loans, net charge-off rate). United Airline reports 23 unique data items, ten of which
do not overlap with Costco’s or American Express’s data items (e.g., revenue passenger
mile, cargo ton miles, load factor, etc.). The size distribution of firms in the sample tilts
more towards large firms compared to the entire stock universe in the Center for Research
in Security Prices (CRSP) database, as shown in Figure A2.

Figure 1 shows the distribution of the announcement dates of the monthly reports. Fig-
ure la shows that the number of monthly announcements spikes at the beginning of each
calendar month while there are few announcements towards the end of each month. Fig-
ure 1b shows that, on average, the first five days in a month each has more than 8% of the
total monthly number of announcements. Combined, 44% of the monthly announcements
are in the first five days. By the end of the first half month, 87% of the monthly reports are
announced.

The average and the volatility of announcement returns are summarized in Table 1,
using the stock return data from the CRSP database. The daily volatility is 2.53% in the
three-day [—1, 1] window around announcements and is 2.80% on the announcement day.
The announcement volatility is higher than the daily volatility of 2.26% in the rest of the
month. The average return is not statistically different between the announcement win-
dow and the rest of the month. The point estimate for the average return is higher in the
monthly announcement window than the rest of the month, which resembles the higher
average return during the quarterly announcements studied in Frazzini and Lamont (2007)

and Savor and Wilson (2016), among others.

12
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2.1 Monthly Announcement CAR

Table 2 shows the effect of monthly announcement surprises on the return dynamics around
the monthly announcement and the quarterly earnings surprises. The announcement sur-
prise is measured by the three-day CAR around the [—1,1] announcement window, fol-
lowing the quarterly announcement literature. Table 2 has two panels. Panel A shows the
results for months 2 and 3 before the quarter end, and Panel B shows the results for all
months. For example, if a stock’s fourth quarter includes October to December, panel A
includes the announcements and returns in November and December when the monthly
reports for October and November are announced, while panel B includes the announce-
ments and returns in November, December, and January. We show months 2 and 3, in
addition to all months, to illustrate the extent to which the monthly reports convey infor-
mation about quarterly firm performance even before the quarter end.

In panel A, the top quintile announcement CAR is 1.76%, while the bottom quintile
CAR is -1.73%. The difference in announcement CAR between the top and bottom quin- @
tiles is 3.49% per day, or equivalently 10.47% over the three-day announcement window.
This magnitude is large. The whole-month return difference is 0.51% per day, or equiva-

lently 10.71% per month, between the top and bottom quintiles of stocks sorted by CAR.”

Therefore, the whole-month return difference is almost entirely accounted for by the three-

day difference in announcement CAR. If we exclude the three-day announcement window,

the whole-month return spread between the top and bottom quintiles shrinks to only 0.03%
per day, or equivalently 0.63% per month.

Because the announcements are concentrated in the first half of a month, the announce-
ment CAR also leads to a much larger return spread in the first half than the second half
of a month. The return spread in H; between top and bottom quintiles of stocks sorted by

CAR is 0.86% per day, or equivalently 9.03% per half month. In contrast, the return spread

"There are 21 trading days in a month, on average.

13


drcharmat
Highlight

drcharmat
Highlight

drcharmat
Highlight

drcharmat
Highlight

drcharmat
Sticky Note

gyantal
Rectangle


in H» is only 0.16% per day, or equivalently 1.68% per half month. The large difference
between H; and H, disappears when we exclude the three-day announcement windows,
as shown by H1,,[_; ;] being almost the same as H2,,[_; ;] in columns (5) and (6).

The monthly announcements are also informative for the quarterly earnings surprises
and analyst forecasts of quarterly earnings. Table 3 shows that the stocks in the top CAR
quintile have 0.49 higher quarterly standardized unexpected earnings (SUE) than stocks in
the bottom CAR quintile when using monthly announcement CAR in months 2 and 3 of a
quarter before the quarter end. SUE is the seasonal earnings change (change in rolling an-
nual earnings between adjacent quarters, or equivalently current quarter earnings minus
last year same-quarter earnings) scaled by the standard deviation of the previous eight
quarters’ seasonal earnings change, following Foster et al. (1984) and Hou et al. (2018).8
The difference in quarterly earnings surprise between the top and bottom CAR quintiles is
equivalent to 0.49 standard deviations of seasonal earnings change. Therefore, the monthly
reports provide a preview of the quarterly performance even before the quarter end. The
result is similar when using the monthly announcement CAR in all months.

Table 3 also shows that the analyst revisions of their forecasts of quarterly earnings tend
to be higher during the three-day monthly announcement windows if the announcement
returns are higher.” Restricting to the months before the quarter end, column (1) shows
that the difference in analyst revisions during the announcement window between stocks
in the top and the bottom announcement return quintiles is 6.27 basis points (bps) per day,
or equivalently 18.81 bps over the three-day announcement window. To see the magni-
tude, consider a hypothetical stock whose price to earnings ratio is 20, or equivalently, the
price to quarterly earnings ratio is 80. Since the analyst revisions in Table 3 are scaled by

stock prices, a revision of 18.81 bps over the three-day announcement window amounts to

8The accounting data such as earnings are from the Compustat database.

9The analyst forecast data are from the IBES database. Following IBES, when computing analyst revisions,
we exclude forecasts that are simply the restatement of the last one, as well as those that are more than 180
days old from the previous forecast.
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18.81/10000/(1/80) = 15.05% of the quarterly earnings. This suggests that the monthly
announcements contain information that is likely relevant for quarterly earnings forecasts
made by analysts, even in months before the quarter end. The result is similar in column

(3) using all months.

2.2 Alternative Proxies of Monthly Announcement Surprises

Table 4 compares various proxies for the monthly announcement surprises, in addition to
the monthly announcement CAR used in Section 2.1. This serves several purposes. First,
when studying the contemporaneous dynamics around monthly announcements such as
the analysis in Section 2.3, using only the announcement CAR to measure surprise can
sometimes cloud the interpretation of the results. For example, Table 2 finds that when
the announcement CAR is higher, the H; return is disproportionately higher than the H,
return. However, it is difficult to interpret this finding because it may just be a mechanical
effect of conditioning on the announcement CAR and the announcements tend to be in Hj.
To explore the impact of monthly announcements on the return dynamics within a month,
Section 2.3 needs a proxy for monthly announcement surprises that does not impose me-
chanical restrictions on the intra-month return dynamics. Further, Sections 3 and 4.3 study
whether the findings extend to the full set of stocks, some of which do not publicly disclose
monthly reports, hence require a proxy of monthly announcement surprises other than the
monthly announcement CAR.

Table 4 compares the following proxies of monthly announcement surprises: the three-
day monthly announcement CAR (r_y 1)), contemporaneous return in the whole month
(rm), the first half month (rf1), and the second half month (rx7) for the month containing
the announcement, as well as the quarterly SUE.

Panel A shows that, for months before the quarter end, all the proxies correlate with

the three-day monthly announcement CAR. Sorting on the announcement CAR itself leads
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to a quintile spread of 3.49% per day in announcement CAR. This is followed by a quintile
spread in announcement CAR of 1.89% and 1.83%, respectively, if sorting on the contem-
poraneous Hj return and the whole-month return. The quintile spread in announcement
CAR, though significant, is much smaller if sorting on the contemporaneous H, return or
the quarterly SUE. Among the proxies, the H; return and the whole-month return are the
best proxies for the monthly announcement CAR, while the H, return and the quarterly
SUE are weaker proxies. This is consistent with the monthly announcements being mostly
in Hy. The whole-month return, compared to H; return, contains more non-announcement
days; hence is a slightly weaker proxy for the announcement CAR. The quarterly SUE is in-
formative for the monthly announcement surprise. But it is a weaker proxy, likely because
the quarterly SUE also contains surprises for the other months in the quarter.

All the proxies for the monthly announcement surprises are informative for the quar-
terly earnings surprise SUE. The effects on quarterly SUE are similar when using the an-
nouncement CAR, the H;j return, or the whole-month return. Sorting on either of these
monthly proxies is associated with a quintile spread in quarterly SUE of around 0.50, i.e.,
a quintile spread in quarterly earnings surprise equivalent to 0.50 standard deviations of
seasonal earnings change. The H; return is a much weaker proxy for the quarterly SUE.
To our knowledge, the finding that the H; return is more informative about the quar-
terly SUE than the H; return is not documented before and is consistent with monthly
announcements being concentrated in H; instead of Hj.

Panel B shows the results using all months. The results similarly indicate that the H;
return and the whole-month return are the best proxies for the announcement CAR, and

both are informative for the quarterly earnings surprise.
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2.3 Front-loaded Announcements and Front-loaded Returns

We study in Table 5 how monthly announcements affect the contemporaneous return dy-
namics within the month of announcement. We use the whole-month return as a proxy
for the monthly announcement surprise, based on the findings in Section 2.2. Section 2.2
shows that H; return is also a good proxy for the monthly announcement surprise. How-
ever, we do not use H; return because it mechanically affects the intra-month return dy-
namics. For example, if we sort on H; return and H; turns out to be high, it automatically
implies that the returns at the beginning of the month are likely higher than the rest of
the month. We need a conditioning variable that correlates with the monthly surprise but
does not by itself impose any restrictions on the return dynamics within the month. The
whole-month return qualifies because a high whole-month return does not automatically
imply whether the return at the beginning of the month is higher or lower than the return
later in the month.

When sorting monthly returns into quintiles, panel A of Table 5 shows that the dif-
ference in monthly returns between the top and the bottom quintiles is 1.08% per day.
Interestingly, the return spread between the top and the bottom quintiles is much larger
on the announcement days (1.83% per day) than the rest of the month (0.94% per day).
This is consistent with the finding in Section 2.1 that the announcement return is an im-
portant determinant of the monthly return. The spread in H; returns between the top
and the bottom quintiles is 1.20% per day and is larger than the spread in H; returns of
0.97% per day, likely because most monthly announcements are in H;. The difference
between the H; return spread and the H; return spread is 0.23% per day (t-stat. = 3.39).
The difference is large, equivalent to 2.42% in terms of half-month return or 57.96% if an-
nualized. The half-month return difference of 2.42% is almost entirely accounted for by
the three-day announcement return in excess of the daily return in the rest of the month

(3 x (1.83% — 0.94%) = 2.67%). If we exclude the three-day announcement window, the
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difference between H; and H, disappears, as shownby H1,,_1 ;) and H2,,[_; ;) in columns
(5) and (6) of panel A.

Similar to Panel A, Panel B finds using all months that the whole-month return is re-
alized disproportionately in the first half month, and the monthly announcements drive
this effect. For quintile portfolios sorted by the whole-month return, the top minus bottom
quintile spread of H; return is higher than the same quintile spread of H, return by 0.19%
per day, or equivalently 47.88% annualized. This finding is consistent with the return
dynamics in Table 2, with the added benefit that the conditioning variable whole-month
return in Table 5 does not impose any mechanical restrictions on intra-month return dy-
namics.

Next, we show in Figure 2 that the front-loaded return realization documented in Table
5 holds not only for the H;/ H; split but also for other divisions of early versus late month.
In Figure 2, we first sort stocks into quintiles based on their whole-month returns, the same
as Table 5. Next, instead of comparing returns in H; versus Hy, we compare the returns
in the first ¢ days of a month to the average daily returns in the whole month. Specifically,
each stock’s cumulative return in the first ¢+ days of a month is demeaned by its whole-
month return interpolated linearly to t days to get its cumulative abnormal return during
the first t days. Figure 2 shows the difference between the top and the bottom quintiles in
the cumulative abnormal return, which we call the FRONTLOAD measure in this paper.

t t
FRONTLOAD; = (1%, — ?rfﬂ“T) — (35 — i), (1)

where r1_; is the cumulative return during the first t trading days of a month. T is the total
number of trading days in a month. %rlﬁT is the monthly return linearly interpolated to
t days. Subtraction by +ri_,1 serves to compare the first t days to the rest of the month,
which is analogous to comparing H; and H» in Table 5.

If the whole-month return is realized disproportionately towards the beginning of a
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month, rlet - %rlTo_’:T is likely positive at the beginning of a month for stocks in the top

quintile of monthly return, while rPotfom — LyBottom jg Jjkely negative at the beginning of a
month for stocks in the bottom quintile of monthly return. Combined, FRONTLOAD is
likely positive at the beginning of a month. On the contrary, if the whole-month return
is realized evenly during the month, FRONTLOAD will be zero throughout the month
because the actual return in the first t days r1_,; equals the linearly interpolated whole-
month return %rlﬁT. By construction, FRONTLOAD is zero at the month end.

Figure 2a shows that FRONTLOAD spikes up early in the month, corroborating the
evidence in Table 5 that the whole-month return is realized disproportionately in H; than
H.1% The spike is more pronounced at the beginning of the month, consistent with the
monthly announcements being concentrated at the beginning of a month. At day 15,
FRONTLOAD is 1.19%, which is consistent with the magnitude of H; and H; difference
reported in Table 5.1

To illustrate the impact of the monthly announcement on FRONTLOAD, Figure 2b ex-
cludes the three-day monthly announcement window from equation (1). The spike at the
beginning of the month disappears. This is consistent with Tables 2 and 5, where the dif-
ference between H; and H, disappears after excluding the three-day monthly announce-
ment window. The evidence indicates that the monthly announcements concentrated at
the beginning of a month tilt the realization of the whole-month return disproportionately

towards the beginning of a month.

10Trading days in equation (1) are mapped to calendar days for Figure 2 to align different months.
FRONTLOAD for a non-trading day is set to its last value on a trading day in the same month or zero if
there is no earlier trading day in the month.

1 At middle of the month, r_,; — %rlHT in equation (1) is approximately rp, — %(r H, +"H,), where ry, and
rg, are returns in Hy and Hy, respectively. This equals %(r H, — 'f, ), which corresponds to half of the return
difference between Hy and Hj in Table 5. Table 5 shows that the spread in return difference between H; and H,
is 0.19% per day, or equivalently 2.00% in terms of cumulative half-month return. This predicts a magnitude
of 1.00% at mid-month in Figure 2a. The actual number in Figure 2a at mid-month is 1.19%, which is close
to the magnitude implied from Table 5. They are not identical because Figure 2a uses cumulative return,
which includes return compounding. Table 5 uses a simple average of daily returns to facilitate comparison of
returns across windows of different lengths such as the three-day announcement window, rest of the month,
first half month, etc.
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2.4 Post Monthly Announcement Drift

In Table 6, we test a key implication of cash-flow news—it implies higher persistence for
the subsequent returns than discount-rate news. Table 6 uses a calendar time approach—
at the end of Hj, it uses all the stocks that have monthly announcements during H;. It
runs Fama-MacBeth regressions of their subsequent stock returns in H, on proxies of their
announcement surprises in Hj, such as their three-day announcement CAR during H; or
their H; stock returns. All the stock returns in this table are in excess of the contempora-
neous market return, and their unit is percent per day.

Table 6 shows that the three-day announcement CAR during H; positively forecasts
the subsequent H; returns with a slope estimate of 0.030 (t-stat. = 2.05). The slope estimate
increases to 0.043 (t-stat. = 3.19) when the regression includes additional control variables
such as market beta, size, book-to-market ratio, and momentum. To see the magnitude of
the predictability, recall from Table 2 that the top and bottom quintile spread of announce-
ment CAR is 3.49% per day. This implies a magnitude of 0.043 x 3.49% = 0.15% per day
or, equivalently, 1.58% for the cumulative half-month return in H».

In contrast, the rest of H; return without the three-day announcement return (denoted
H1,,—1,1) in the table) is not statistically significantly related to H; return. If anything,
the point estimate is negative, which is consistent with the short-term return reversal doc-
umented in Jegadeesh (1990) and Lehmann (1990). When we combine the monthly an-
nouncement CAR and H1,,_; 1] to study the ability of H; return to forecast H, return, the
point estimate is positive and equals 0.026. For comparison, this table also examines the
ability of H; return to forecast the subsequent half-month return (i.e., the return in the first
half of the next month, which is denoted H3 in columns (9) and (10) in the table), the point
estimate is negative and equals -0.045. The negative estimate for H; is consistent with the
short-term reversal and the lack of monthly announcements in H,. The difference between

the predictability of H, return using H; return and the predictability of next month’s H;
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return using Hj return is 0.026 — (—0.045) = 0.071 with #-stat. = 1.79. This is statistically
significant at the 90% level, despite the short-term reversal associated with H1,[_1 ] 12
Overall, we find a statistically and economically significant return continuation follow-
ing the three-day monthly announcement CAR. It is sufficiently large to affect the return
continuation conditional on half-month returns. Specifically, the return continuation after
Hj, where the monthly announcements are concentrated, is more positive than the return

continuation after H.

3 Full Cross-Section of Stocks

In this section, we test the hypothesis that the asset pricing implications for firms that pub-
licly disclose monthly reports, documented in Section 2, can extend to the full cross-section
of individual stocks. In the entire cross-section, some firms may not produce monthly re-
ports. Those firms that produce monthly reports may not always publicly disclose the
monthly reports to all market participants. Therefore, we are testing a joint hypothesis
that sufficiently many firms produce monthly reports and that prices reflect information
in the monthly reports even for reports that are not publicly disclosed to all. A priori, the
strong form market efficiency in Fama (1970) predicts that the security prices reflect even
undisclosed information. As discussed in Section 1, some loans require monthly verifica-
tion of covenants, which transmits information specified in the covenants to lenders even
if a firm does not formally produce monthly reports or disclose monthly reports publicly.
There is also evidence of insider trading based on monthly reports, which can incorpo-
rate information in the monthly reports into prices. As an example, a U.S. Securities and

Exchange Commission anti-fraud case SEC (2004) indicates that a member of the Board of

120ther than the reversal affecting H1 ex|-1,1), the statistical significance of return persistence conditional on
the entire Hj return is also limited by the sample period of 2000-2016 in Table 6, during which even the well
known predictors controlled in Table 6 are often only marginally significant. Nonetheless, return persistence
conditional on the announcement CAR is statistically significant.
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Directors of Interstate Bakeries Corporation (‘IBC’) on January 29, 2003 received a confi-
dential negative monthly IBC financial report and, on February 3, 2003, sold 16,230 shares
of IBC stock. On February 11, 2003, IBC announced a downward revision to its earnings es-
timate, and IBC’s stock price dropped 25% that day. The case refers to a monthly financial
report for IBC in January 2003, which is not a fiscal quarter end for IBC.

We begin by providing evidence that many firms produce monthly reports, even though
some of these monthly reports may not be publicly disclosed. Figure 3 examines manage-
ment guidance issued by all U.S. firms. We hypothesize that firms are more likely to issue
guidance when they receive new information from the monthly reports, which is consis-
tent with downward earnings revision in the insider trading case of IBC. This predicts that
the management guidance occurs more often at the beginning of a month after the month-
end reporting. Consistently, Figure 3a shows that the number of management guidance
spikes at the beginning of each month in a typical quarter. The management guidance
data include managerial forecasts on earnings, capital expenditure, sales, and gross mar-
gin.!3 In Figure 3a, we exclude guidance during the three-day [—1, 1] window around the
quarterly earnings announcement when the information releases from management are
known to be high. Even when including the quarterly earnings announcement days in
Figure 3b, the early-month guidance spike is still visible. The amount of guidance outside
the quarterly earnings announcements is the gap between the two lines in Figure 3b, and
the gap is bigger at the beginning of a month than the previous month end. In Figure 3a,
the peak number of guidance early in the month is 1,168, 857, and 1,160 in the first, sec-
ond, and third month of a quarter, respectively. These sum up to 3,185, which is 68% of the
peak number of 4,710 during quarterly earnings announcements in Figure 3b. Therefore,

the amount of management information released early in the month is substantial, even

13The management guidance data from 1994.1 to 2016.12 are from the Thomson Reuters IBES guidance
database, which provides real-time comments directly from management about future expectations. We sup-
plement the IBES data with the First Call guidance data for the years before 2002, as the IBES coverage is small
in the early years due to the phase-out of Thomas Reuters guidance from First Call to IBES.
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when compared to quarterly earnings announcements.

Next, Figure 4 studies analyst revisions. Similar to management guidance, analyst
revisions may be frequent at the beginning of a month if analysts learn the information
in the month-end reports and update their beliefs. Consistently, Figure 4 shows that the
number of analyst revisions spikes at the beginning of each month in a typical quarter.!
The peak is roughly twice the number of revisions made near the end of the month.

Figure 5 shows the numbers of management guidance and analyst revisions separately
for each of the Fama-French five industries. Every industry exhibits spikes in management
guidance and analyst revisions during the early part of a month. To the extent these spikes
at the beginning of a month reflect information from the month-end reports, this suggests
that the month-end reports are broadly produced across various industries.

In Figure 6, we use only firms whose fiscal quarters end in months 3, 6, 9, or 12 of a
year. This helps address a potential concern that the monthly spikes in Figures 3 and 4
may be caused by information from the quarterly reports if fiscal quarter-ends are evenly
distributed across different months. The spikes at the beginning of each month remain
in Figure 6. In our sample, 83.8% of firms have fiscal quarter-ends in months 3, 6, 9, or
12—March 5.0%, June 6.7%, September 6.0%, and December 66.2%. Therefore, our results
are unlikely driven by firms whose fiscal quarters do not end in months 3, 6, 9, or 12, which
is confirmed by Figure 6.

Overall, the evidence from management guidance and analyst revisions indicates that
the firm management and analysts receive more information at the beginning of a month
than the rest of a month, which is consistent with our hypothesis that many firms produce

monthly reports.

14Figure 4 uses analyst revisions over long-term growth rates from the IBES database during 1983.1-2016.12.
The results are similar using analyst revisions over other forecast horizons.
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3.1 Front-loaded Returns

Having found evidence that many firms produce monthly reports, we study next whether
these monthly reports, some of which may not be publicly disclosed, affect stock prices.
Specifically, we study whether the finding of front-loaded returns within a month in Sec-
tion 2.3 exists for the full cross-section of individual stocks. Because we no longer con-
dition on monthly announcement CAR, the sample includes all individual stocks in the
CRSP universe from January 1926 to December 2016 in the rest of the paper unless other-
wise noted.

Figure 7 shows the FRONTLOAD measure in equation (1) for all 12 months. In each
month, FRONTLOAD is calculated between the top and the bottom deciles of stocks
sorted by their whole-month returns. We observe early-month spikes in every month in
Figure 7. This is consistent with the finding in Section 2.3 that the monthly reports affect
stock prices, and the effect is larger at the beginning of a month. The early-month spike has
a large magnitude. The maximum spike is observed in January at 5.16% on day 11. Even
if we exclude January due to the known January effect (Keim 1983; Reinganum 1983), the
spikes in other months often exceed 1% and sometimes reach almost 2%.

The confidence band in Figure 7 indicates that the spikes are statistically significant. In
addition, under the null hypothesis that the time when the monthly reports affect the stock
returns is randomly distributed in a month, there is an equal chance of observing positive
and negative spikes of the FRONTLOAD measure at the beginning of a month. Under
this null hypothesis, the probability of positive spikes at the beginning of all months is only
0.512 = 0.02%, assuming independence across all 12 months. This is statistically significant
even relative to the significance criterion in Harvey et al. (2016). Therefore, we reject this
null hypothesis in favor of our hypothesis that the month-end reports affect stock returns
predominantly at the beginning of a month.

Figures 8a and 8b show the FRONTLOAD measure for large stocks separately from
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small stocks, to control the impact of microcaps pointed out by Fama and French (2008)
and Hou et al. (2018). Both large and small stocks exhibit spikes at the beginning of a
month.!®> Even for large stocks, FRONTLOAD rises to a peak of 0.69% in less than half a
month, which is a large magnitude.

For comparison, Figure 8 also shows the FRONTLOAD measure for quarterly earn-
ings announcements. Le., equation (1) sorts by the quarterly instead of monthly returns,
and FRONTLOAD} is calculated for t = 1,2,..., T where T is the total number of trading
days in a quarter instead of a month. Figures 8c and 8d show an early-quarter spike similar
to the early-month spike observed for monthly announcements in Figures 8a and 8b. This
suggests that the monthly reports and the quarterly reports generate similar return dy-
namics within a month and a quarter, respectively. For small stocks, FRONTLOAD rises
substantially in the last few days of the month and the quarter in Figures 8b and 8d. Our
hypothesis does not restrict these last few days. Instead, our focus is on the spikes early
in the month. Even though the rise in the last few days might be related to information
drifting out shortly before the month end, the spike in the early part of a month is larger.
Further, for large stocks, the rise in FRONTLOAD is almost entirely concentrated in the
early part of a month. These suggest that the information in the monthly reports affects

the stock prices predominantly at the beginning of a month.

3.2 Post Monthly Announcement Drift

In Table 7, we study whether the post monthly announcement drift shown in Section 2.4
extends to the full cross-section of individual stocks. Since we do not directly observe all
the disclosures of monthly reports in the full cross-section, we use the returns in the first
half of a month as a proxy for the surprises associated with the monthly reports. Section

2.2 compares alternative proxies and finds that the H; return is the best proxy for the

15Gtocks with market capitalizations above (below) the New York Stock Exchange median are classified as
large (small) stocks.
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monthly announcement surprise. Similar to Table 6, Table 7 uses a calendar time approach
by running a Fama-MacBeth regression of H; returns on H; returns and comparing the
result to another Fama-MacBeth regression of H; returns in the next month (denoted as H3
in the table) on H; returns.

Table 7 shows that the slope using H; to forecast H is higher than the slope using H»
to forecast next month’s Hy. The slope difference is 0.012 for all stocks and 0.018 for large
stocks. An extra 10% return in Hj is associated with 0.12% higher return for all stocks and
0.18% higher return for big stocks in Hp, compared to the effect of H, on subsequent Hj.
The effect remains similar after including additional control variables. This is consistent
with Table 6, which finds that the monthly announcement CAR is associated with a return
continuation while the other days are associated with a return reversal subsequently.

On the other hand, the slope difference in Table 7 is smaller than that in Table 6. The
slope from regressing H, on Hj is negative in Table 7, which is also different from Table 6
where the slope from regressing H, on Hj is statistically insignificantly different from zero.
This is likely because the full cross-section of stocks may contain stocks that do not produce
monthly reports, while Table 6 uses only stocks that have monthly announcements in H;
when using H; returns to forecast H, returns. If there is no announcement, the short-term
return reversal known in the literature dominants, as shown in Table 6. This provides an
explanation for why the slope from regressing H, returns on H; returns is lower in Table 7
than in Table 6. It also helps explain why the difference between regressing H, returns on
Hj returns and regressing next month’s H; returns on H, returns is smaller in Table 7 than
in Table 6—if a stock does not produce monthly reports, there is no difference between H;
and Ho.

Despite the smaller magnitude, the result in Table 7 is consistent with Table 6 in terms of
the positive difference in slope between regressing H» returns on H; returns and regressing

next month’s H; returns on Hj returns. Therefore, using the full cross-section of stocks,
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Table 7 provides evidence consistent with the hypothesis that the cash-flow news from the

monthly reports is associated with a positive continuation of the subsequent returns.

4 Aggregate Market

After showing in the previous section that the monthly reports affect a broad cross-section
of stocks, this section studies how the monthly reports affect the aggregate stock market.
The monthly reports clustered at the beginning of a month aggregate to market-wide cash-
flow news. This section tests the asset pricing implications of the monthly reports for the
market, parallel to those for the individual stocks in Sections 2 and 3. Specifically, Section
4.1 studies the effect on the market return dynamics within a month, while Section 4.2
uses the Chinese New Year shock to month-end reporting to study whether month-end
reporting causes the intra-month market return dynamics. Section 4.3 tests the implication

of cash-flow news on the persistence of market returns, i.e., time series market momentum.

4.1 Front-loaded Market Returns

We first study whether the finding of front-loaded returns within a month in Sections 2.3
and 3.1 extends to the aggregate market. Similar to these sections, we use the whole-
month market return as a proxy for the aggregate surprise from the monthly reports.'®
The FRONTLOAD measure is similarly constructed from equation (1), except that the top
or bottom sort in equation (1) is from comparing monthly market returns to their time
series median.!”

Figure 9 shows that the FRONTLOAD measure spikes up in the first half of a month.

The spike reaches a peak of 0.69% in less than a month, which is a big magnitude for the

16We use real returns and real earnings for the market in Section 4 following the literature, such as Campbell
and Shiller (1988), although the result is similar using nominal quantities.

17 As a robustness check against potential look-ahead bias from using the time series median, we have also
tried another top (bottom) sort depending on whether the monthly market return is above (below) zero. The
result is similar.
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market. The evidence is consistent with our hypothesis that the month-end surprises tilt

the realization of the whole-month market return towards the beginning of a month.

4.2 Chinese New Year Shock to Month-end Reporting

Next, we use the Chinese New Year (CNY) holiday to study the causal effect of month-end
reporting on the market return dynamics. Since the year 2000, the CNY holiday contains
seven days. The holiday usually starts on different dates in different years, around late
January or early February, as shown in Figure A3.18

First, we hypothesize that the interruption of end-of-January reporting due to the hol-
iday weakens the front-loaded return dynamics in February. Figure 10 confirms this.
Specifically, we calculate the FRONTLOAD measure in the same way as Figure 9 but use
the value-weighted return of Chinese stocks cross-listed in the U.S. We use the cross-listed
stocks because the financial market in China closes during the CNY holiday. Figure 10a
shows no pronounced spike in early February for the Chinese stocks cross-listed in the
U.S., consistent with the disruption of end-of-January reporting due to the CNY holiday.
Meanwhile, other U.S. stocks (the non-Chinese stocks) still exhibit the same spike in early
February, as illustrated in Figure 10b, consistent with the end-of-January reports still being
produced for the U.S. stocks.

Next, we create a synthetic February starting from the end of the CNY holiday, based
on the hypothesis that the holiday-interrupted reporting is carried out after people return
from holiday. The synthetic February ends before the next month. When the synthetic
February has fewer than 29 days, we linearly interpolate the FRONTLOAD measure by
spreading out the available days evenly on a scale of 1 to 29 and then linearly interpolating
the other days. When we use the synthetic February, the front-loaded spike re-appears for

the Chinese cross-listed stocks (Figure 10c), consistent with the end-of-January reporting

18The CNY holiday dates are from https://www.timeanddate.com/calendar/?year=2000&country=41.
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being deferred until after the CNY holiday. The spike in the synthetic February is statisti-
cally significant (t-stat. = 2.05 on day 2 of the synthetic February). Meanwhile, the front-
loaded pattern disappears for the U.S. stocks during the synthetic February calibrated to
the CNY holiday (Figure 10d). For other months of the year, there are similar spikes for
both the Chinese cross-listed stocks and the U.S. stocks in the early part of a month (see
Figure A4).

To summarize, we find that (i) the Chinese stocks exhibit a stronger FRONTLOAD
spike during the synthetic February than the actual February, while the opposite holds for
the U.S. stocks; and (ii) both the Chinese and the U.S. stocks exhibit similar spikes for non-
February months. With the caveat that the number of Chinese cross-listed stocks and the
sample period are limited, this provides additional evidence that the month-end reporting

is plausibly causal for the front-loaded return dynamics in a month.

4.3 Time Series Momentum

In this section, we examine whether the market return persistence is consistent with the
prediction based on the cash-flow news from monthly reports. Specifically, we analyze
whether the time series momentum (TSMOM) of market return in Moskowitz et al. (2012)
is stronger when conditioning on the cash-flow news from monthly reports.

First, we split the past market return, which is the predictor variable in the TSMOM
regressions, into two components—past return in H; and past return in H,. We then sep-
arately use each component to forecast future market returns. We split the predictor into
two components because the monthly reports are largely revealed in the first half of a
month, and Section 2.2 finds that the Hy return is the best proxy for the surprise from the
monthly report. Under the hypothesis that the cash-flow news from the monthly report
is associated with higher return persistence, we expect that the TSMOM is stronger when

conditioning on the past H; return than conditioning on the past H, return.
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The difference between using H; return versus Hj return to forecast future market re-
turn turns out to be stark. Table 8 shows that higher market returns in H; forecast higher
market returns, resembling the time series momentum documented in Moskowitz et al.
(2012). However, the H, market return exhibits reversal—higher returns in H, forecast
lower market returns. Such contrast holds for almost all the look-back and holding hori-
zons ranging from one month to two years. For example, a one-standard-deviation in-
crease in the past six-month H; return predicts a 0.54% increase in market return in the
next month, yet the same one-standard-deviation increase in the past six-month Hj return
predicts the opposite—a decline in market return by 0.44% in the next month. For all 49
combinations of look-back and holding horizons, the estimate from Hj is larger than the
estimate from Hj. The estimates from H; are all negative except for the combination of the
one-month look-back period and the one-month holding period. This single positive esti-
mate after Hj is consistent with the positive short-term autocorrelation of index returns in
Lo and MacKinlay (1990), and also turns negative if we skip one month between the look-
back and the holding periods (unreported in the table). The Lo and MacKinlay (1990) effect
unlikely drives the positive momentum predicted using the H; return because we already
skip a half month between the look-back period and the subsequent holding returns.

The stark difference between H; and H is consistent with our hypothesis of return
persistence from the cash-flow news in the monthly reports, which hit the market pre-
dominantly in H;. Without the monthly reports, reversal dominates the forecast using H»
returns. Such mixture of continuation and reversal—continuation after the cash-flow news
from monthly reports and reversal otherwise—is also consistent with the findings in Table
6 for individual stocks.

In Table 8, an individual estimate for a given combination of the look-back and the
holding horizons is not always statistically significant. This is not uncommon in time

series predictions of market returns (e.g., Moskowitz et al. 2012, Fig. 1C). However, the

30


drcharmat
Highlight

drcharmat
Highlight

drcharmat
Highlight

drcharmat
Highlight


fact that all the estimates across 49 combinations of look-back and holding horizons for H;
are higher than those for H» indicates that the t-statistics from individual regressions likely
under-estimate the overall statistical significance, which we investigate using a bootstrap.
Huang et al. (2019) also use bootstrap to examine the statistical significance of TSMOM. To
study the relevance of timing (H; vs. H»), we bootstrap by randomly shuffling daily market
returns within each month (but not across months) and then repeating the regressions for
each simulated time series of market returns. After the random shuffle, the simulated H;
and H; returns should have no difference for predicting market returns, which allows us
to see the distribution of estimates under the null hypothesis that H; and H, have the
same predictability for future market returns. We calculate the p-value using the fraction
of simulations where the estimates based on H; returns (by, ) exceed the estimates based on
Hj returns (by,) for all 49 combinations of horizons by an amount equal to the minimum
of by, — by, across all horizons in Panels A and B. The p-value is 0.007. Therefore, we reject
the null hypothesis that the returns in H; and H> have the same predictability for future
market returns.

Next, to further connect TSMOM with cash-flow news, we interact the magnitude of
the monthly surprises in the TSMOM regression. Le., we test the hypothesis that TSMOM
is stronger if there is a bigger cash-flow surprise, particularly for H;. For example, if there
is no surprise from the monthly reports in a given month, the H; return is unrelated to
cash-flow news from the monthly reports, which weakens the subsequent return contin-
uation. On the other hand, a stronger cash-flow surprise from the monthly reports will
strengthen TSMOM and particularly so in H;. Specifically, we use the absolute value of
the quarterly market SUE (denoted ABSUE) to measure the magnitude of cash-flow news.
The quarterly earnings surprise is correlated with the proxies of monthly surprises, as
shown in Table 4. We use the absolute value because a very negative earnings surprise

is still an important piece of cash-flow news, and is likely associated with persistence of
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returns on the downside. In Table 9, we interact the lagged market return in H; and Hj,
respectively, with the lagged market ABSUE.! Panel A of Table 9 shows that the estimates
for the interaction between H; return and ABSUE are positive for all look-back and hold-
ing horizons while Panel B shows that the estimates for the interaction between H, return
and ABSUE are mostly negative and are all smaller than the estimates in Panel A. Using a
bootstrap similar to the one used for Table 8, the difference between Panels A and B is sta-
tistically significant with a p-value of 0.006. The result from the interaction with earnings
surprise provides additional evidence for the role of cash-flow news in TSMOM.

The opposite signs from H; and H, imply that, if one ignores the difference between
H; and H; and combines them in the analysis, the result is weaker. To confirm this, we
interact ABSUE with past returns without separating past H; and Hj returns in Table 10.
The estimates for the interaction between ABSUE and past returns are still mostly positive,
consistent with our hypothesis that cash-flow news drives the TSMOM. However, the eco-
nomic and statistical magnitudes are much smaller in Table 10 than Panel A of Table 9.2
All the independent variables are standardized to have a unit standard deviation, so the
estimates in Tables 9 and 10 are directly comparable. As shown in Tables 8 and 9, H; ex-
hibits a stronger TSMOM effect than H,. Pinpointing when the cash-flow news hits the
market helps sharpen the estimate for the impact of cash-flow news on TSMOM.

Overall, we find that TSMOM is stronger when the past market return coincides with
(1) the arrival of cash-flow news, as seen by comparing H; and H; in Table 8; (2) larger
cash-flow shocks, shown in Table 10; and (3) the interaction of (1) and (2), shown in Table

9. The results provide evidence that cash-flow news drives TSMOM.

9The quarterly market SUE is computed using the market earnings data from Robert Shiller’s website
http://www.econ.yale.edu/~shiller/data/ie_data.xls.

20To get the statistical significance in Table 10, we bootstrap by randomly shuffling the quarterly market
earnings over time, computing the earnings surprises using the shuffled earnings, and then running the re-
gressions for each simulated sample. Here, we do not shulffle the returns within a month, as in Table 9, because
the analysis in Table 10 does not distinguish H; and Hp. As a robustness check, we have also done another
bootstrap for Table 9 by randomly shuffling the quarterly market earnings similar to the bootstrap in Table 10
instead of shuffling returns within a month, and Table 9 remains statistically significant at the 1% level.
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5 Further Discussions

5.1 Macro Announcements

The average market return is high on days of the Federal Open Market Committee (FOMC)
announcement and the macro announcements on inflation and unemployment, as shown
in Savor and Wilson (2013), Savor and Wilson (2014), and Lucca and Moench (2015). To
study whether the macro announcements drive our findings on the market return, we ex-
clude these macro announcement days in Figure 11 and Table 11. Following Savor and
Wilson (2014), we use consumer price index (CPI) announcements before February 1972
and producer price index (PPI) thereafter because PPI numbers are always released a few
days earlier, which diminishes the news content of CPI numbers. The inflation and unem-
ployment announcement dates come from the U.S. Bureau of Labor Statistics. The FOMC
announcement dates are from the Federal Reserve website.

Even after excluding these macro announcement days, Figure 11 is virtually identical
to Figure 9. This is in contrast to Figure 2, where excluding the three days around monthly
announcements eliminated the front-loaded return dynamics. Table 11 shows that the
results for TSMOM are similar to Table 8 after excluding these macro announcements.?!
After excluding the macro announcements, the H; market return still positively forecasts
future market returns while the H, market return predominantly leads to a reversal in the
future. The estimates for H; are higher than those for H; for all combinations of look-back
and holding months. If anything, the result is slightly stronger after excluding macro an-
nouncements. For example, the numbers in the lower right corner of panel A correspond-
ing to long look-back and holding horizons are positive, while they are slightly negative

in panel A of Table 8. This suggests a slight long-term reversal following a long win-

2ITable 11 excludes the macro announcement days from the right-hand-side variable to see how the macro
announcements affect the ability of the predictor to forecast future returns inclusive of returns on future macro
announcement days. We have also tried excluding the macro announcement days from both sides of the
TSMOM regressions, and the results remain similar.
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ning streak of past macro announcement returns which, if excluded, generates a slightly
stronger continuation. These results indicate that the macro announcements studied here
are not a key driver of the front-loaded market return dynamics within a month or the
TSMOM difference following Hj vs. H,.%2

This section is not trying to rule out macro news as an important driver of the aggregate
stock market return. Quite the contrary, the aggregate cash-flow news from the monthly
reports can be viewed as a macro indicator. The analysis in this section just illustrates that
our findings are not driven by the prominent macro announcements already documented

in the literature.

5.2 Turn-of-the-Month and January Effects

Lakonishok and Smidt (1988) show that the average market return is high around the turn
of the month, specifically in the four trading days starting from the last trading day of a
month to the first three trading days of the next month. Rozeff and Kinney (1976) show
that the stock returns in January tend to be higher than in other months. Keim (1983),
among others, shows that the high January return is largely confined to small stocks and
to the first trading week of January, particularly the first trading day. Ogden (1990) and
Etula et al. (2019) point out that the turn-of-the-month effect and the January effects likely
are connected and can be explained by the institutional liquidity needs at the turn of the
month to pay wages etc.

We focus on the return persistence conditional on cash-flow news. In contrast, the
turn-of-the-month and the January effects focus on high average returns instead of the
conditional return dynamics. If the cash-flow news is bad, we find it manifests as low

return at the beginning of a month instead of the high return predicted by the turn-of-the-

22Eor comparability with Figure 9 and Table 8, Figure 11 and Table 11 use the full sample 1926-2016. Data
on the macro announcement days are available starting from 1958. Therefore, no days are excluded before
1958 in Figure 11 and Table 11. We have also compared the results with and without macro announcement
days in the sample period of 1958-2016. The results are similar to their counterparts in the full sample.
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month and the January effects. For example, Table 2 shows that for stocks in the lowest
quintile of monthly announcement CAR, their returns in H; are negative and below their
returns in Hj. Similarly, our return persistence analysis finds a low return following bad
cash-flow news.

Further, our finding is not driven only by the first three or five days of a month (see, for
example, Figures 8 and 9). Instead, our effects are mainly driven by the three days around
the monthly announcements, as shown in Figure 2 and Table 6. To limit the impact from
small stocks in January, we show that the results are robust outside January (e.g., Figure
7) and applicable to large stocks and the value-weighted market (e.g., Figure 8 and Table
8). Therefore, the findings in this paper are distinct from the turn-of-the-month and the

January effects.

5.3 Variance Ratio

Next, Table 12 shows the variance ratio (half-month return variance divided by the one-
day return variance and the number of trading days in the half-month window) to provide
further evidence on the difference in return persistence between H; and H».

The variance ratio is higher in H; than in Hj, confirming that the return persistence
is higher in H; than H,.? During Hj, the variance ratio for the market return is 1.33. A
variance ratio above one indicates a positive autocorrelation between the one-day returns.
On the other hand, the variance ratio for the market is 1.00 in H, consistent with one-day
returns following a random walk in H,. The difference between H; and H, is statistically
significant (t-stat. = 3.91). The variance ratio is higher in H; than H for both large and
small stocks, too. For individual stocks, the variance ratio in Hj is below one, which is
likely affected by the short-term reversal in daily returns related to market microstructure

(e.g., Roll 1984). Nonetheless, the difference between H; and H is positive, consistent with

23Gee Campbell et al. (1997, Chap. 2.4.3) for more information on the variance ratio.
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the return persistence being higher in H; than H».

5.4 Placebo Months

We conduct placebo tests to confirm that the front-loaded return dynamics in Figures 8
and 9 are related to the start of a month. Specifically, we create placebo months by shifting
an actual month by shift = —15, —14, ..., or 15 days. For example, a shift of —15 days
means using the last 15 days of the previous month and excluding the last 15 days of the
current month.

We compute the FRONTLOAD measure in equation (1) for placebo months corre-
sponding to different shift and all days within a given placebo month. To show the re-
sult in a two-dimensional graph, we plot FRONTLOAD in the middle of a placebo month
(day 15) against shift. Figure A5 shows that, across all placebo months, the peak is at
shift = 0 (the actual month). The result holds for both large and small stocks. Figure A6
shows the placebo test results for the market. Across all placebo months, the peak is at
shift = 1,1i.e.,, when the “month” is from day 2 of a month to day 1 of the next month. This
represents a mere one-day delay relative to the actual month. These results confirm that
the front-loaded dynamics are the most pronounced at the beginning of an actual calendar

month.

6 Conclusion

This paper shows that the month-end reporting constitutes an important information event.
Information in the month-end reports provides a preview of the quarterly earnings sur-
prise and substantially affects stock returns, management guidance, and analyst forecasts.
The monthly reports, relative to quarterly reports, are less studied and subject to less reg-
ulatory scrutiny so far. There is a variety of practices in the production and disclosure

of monthly reports. Some companies publicly disclose the monthly reports. Some com-
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panies do not publicly disclose the reports, but may revise management guidance based
on the monthly information or provide such information to their lenders if required by
loan covenants. At the same time, some companies may not formally summarize their
performance monthly.

Despite the difference in the disclosure of monthly reports, we find important asset
pricing implications that are similar across a broad spectrum of companies. First, the an-
nouncement return of a monthly report is a significant determinant of the monthly return.
The flip side of the same coin is that the monthly return is realized disproportionately in
the early part of a month because the monthly reports are usually announced at that time.
Consistent with cash-flow news being persistent, the return persistence is stronger after
the announcement of monthly reports or after the first half of a month, compared to the
rest of the month. This holds for both individual stocks, large or small, and the aggre-
gate market. The monthly reports across different individual stocks are disclosed almost
synchronously at the beginning of a month, which aggregates to cash-flow news for the
market. Consistently, we find that the time series momentum arises only by conditioning
on the past market return in the first half of a month. The market return in the second half
of a month, strikingly, exhibits subsequent return reversal.

The month-end reports and their disclosure provide a useful setting to test implica-
tions of cash-flow news versus discount-rate news. Prominent asset pricing theories differ
in whether an asset pricing anomaly is best explained by cash-flow surprises, expecta-
tion errors about firm fundamentals, or changes in the required discount rate. However,
decomposing asset price movements into cash-flow shocks and discount-rate shocks is
known to be difficult. Here, the number of monthly announcements in the first half of a
month is 7 times the number of monthly announcements in the second half of a month.
Such a large variation can help us distinguish hypotheses with versus without cash-flow

news, thus better understand the drivers of asset price movements.
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Figure 1: Announcement Dates of Monthly Reports

This figure shows the fraction of the daily number of monthly reports relative to the total number of monthly
reports in the corresponding calendar month. Plot (a) shows the fraction for each day of the year. Plot (b)

fraction of reports (%)

shows the fraction and its cumulative version by day of the month.
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Figure 2: Contemporaneous Return Responses, with/without Monthly Announcement Days

Plot (a) shows the cumulative abnormal return spread between stocks with good and bad news in a month,
which is the FRONTLOAD measure in equation (1). Plot (b) is the same as (a) except that the returns in the
three-day [-1,1] window around monthly reports are excluded. Good (bad) news is measured by contempo-
raneous monthly returns in the top (bottom) quintile in the cross-section. Each stock’s daily return is first
demeaned by its average in the month before constructing the cumulative abnormal return spread. Hence the
cumulative spread converges to zero at month end.
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Figure 3: Announcement Dates of Management Guidance

Plot (a) shows the daily number of management guidance from all U.S. firms, excluding guidance in the
three-day [—1, 1] window around quarterly earnings announcements. Plot (b) shows the number of guidance
in the [—1,1] window around quarterly earnings announcements and the combined number of all guidance.
Multiple guidance observations from the same firm on the same day count as one. “mxdy” in the horizontal
axis denotes day y of month x in a quarter. E.g., m1d15 means day 15 in January, April, July, and October.
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Figure 4: Announcement Dates of Analyst Revision

This figure shows the daily number of analyst revisions for all U.S. stocks. Following Loh and Stulz (2011), we
exclude revisions in the trading day [-1, 1] window around quarterly earnings announcements, and multiple
revisions by the same analyst on the same day count as one. “mxdy” in the horizontal axis denotes day y of
month x in a quarter. E.g., m1d15 means day 15 in January, April, July, and October.
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Figure 5: Guidance and Analyst Revision by Industry

This figure shows the daily number of management guidance and analyst revision by industry. We assign
each stock to one of the five Fama-French industries (Cnsmr, HiTec, Hlth, Manuf, Other) at the end of June,
and then replicate Figures 3a and 4 for each industry. Each industry is normalized to an average of 1 for
comparability.

(a) Guidance, by Industry

2.80

Cnsmr
HiTec

Hith ||
Manuf
Other

245}

210

1.75

140

1.05

0.70

0.351

000 1 L 1 L 1
mldl mld1l5 m2d1 m2d15 m3d1 m3d15

(b) Analyst Revision, by Industry

2.4

Cnsmr
HiTee
Hith ||
Manuf
Other

2.1

1

1

1

1

1

1

1

18} !
I

I

I

15} !
I
I
I

12

0.9

0.6

0.3}

0.0 . .
mldl mldl5 m2d1l m2d15 m3dl m3d15

47



Figure 6: Companies with Fiscal Quarters Ending in March/June/September/December

This figure replicates Figures 3a and 4 using only firms with fiscal quarters ending in March, June, September,
or December.

1200 T T T T - 3200
1 | = Management Guidances
10901} : : = Analyst Revisions 1| 2900
I | I
| | |
980 | | I I 42600
| | |
| | I
870 ! | {2300
[} I
2 1
© ! {2000 &
< 760 | 5
3 @
2 ! 11700 &
S 650 | f
€ | I
[ ) | i >
3 540 | : 14005
5 ! ' <
= ! ! 1
430 I | i 1100
| | |
' ! ! 800
320 ! | I
| | |
| : ! 500
210 i i |
: \ : 1200
100 L L L L |
mldl mld1l5 m2d1 m2d15 m3d1 m3d15

48



Figure 7: Return Responses, All Individual Stocks

This figure shows the cumulative abnormal return spread between stocks with good and bad news, which is
the FRONTLOAD measure in equation (1), separately for each of the twelve calendar months. Good (bad)
news is measured by contemporaneous monthly returns in the top (bottom) decile in the cross-section. Each
stock’s daily return is first demeaned by its average in the month before constructing the cumulative abnormal
return spread. Hence the cumulative spread converges to zero at month end.
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Figure 8: Monthly vs. Quarterly Return Responses

This figure compares the monthly and quarterly cumulative abnormal return spreads in equation (1). The
monthly spread is constructed as in Figure 7. The quarterly spread is constructed similarly except that good
(bad) news is measured by contemporaneous quarterly returns instead of monthly returns.
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Figure 9: Market Return Responses

This figure shows the cumulative abnormal return spread between good and bad news for the U.S. value-
weighted market returns, which is the FRONTLOAD measure in equation (1). Good (bad) news is measured
by contemporaneous monthly market returns being above (below) its time series median. The daily market
return is first demeaned by its average in the month before constructing the cumulative abnormal return
spread. Hence the cumulative spread converges to zero at month end.

=== Market
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Figure 10: Chinese New Year Holiday and Return Responses

This figure shows the cumulative abnormal return spread between good and bad news, which is the
FRONTLOAD measure in equation (1), during February and a synthetic February. The synthetic Febru-
ary includes days between the end of the Chinese New Year holiday and the beginning of the next calendar
month, which are then linearly interpolated to 29 days. The cumulative abnormal return spread is calculated
as in Figure 9, using the value-weighted return of Chinese stocks cross-listed in the U.S. in plots (a) and (c)
and non-Chinese stocks in the U.S. in plots (b) and (d), respectively.

(a) Chinese stocks, Feb

2.00% ———————

1.00%

0.00%

-1.00%

-2.00%

-3.00%

-4.00%

= Chinese stocks

day of month, February

2 3456 7 8 91011121314151617 18 19 20 21 22 23 24 25 26 27 28 29

(c) Chinese stocks, synthetic Feb

2.40% ———————

2.00% -

1.60%

1.20%

0.80%

0.40%

0.00%

== Chinese stocks

a ~f

8 9 1011121314 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29

ay of month, "February" defined from holiday end

52

2.00%

1.50%

1.00%

0.50%

0.00%

-0.50%

-1.00%

-0.30%

-0.70%

-1.10%

-1.50%

(b) US stocks, Feb

A0 s 6 7 5 9 1011121314 151617181020 21222324 3526272820
day of month, February
(d) US stocks, synthetic Feb
0.90% |- 1
0.50% - 1
0.10% 1

123456

7
d

8 9 10111213 14 15 16 17 18 19 20 21 22 23 24 25 26 27 28 29
lay of month, "February" defined from holiday end



Figure 11: Market Return Responses, Excluding Macro Announcement Days

This figure shows the FRONTLOAD measure in Figure 9 for the market return, excluding days containing
macro announcements on inflation, unemployment, or the FOMC announcements.

=== exclude macro announcement days
1.00% + upper 95% C. 1. 4
lower 95% C. I.

T
L

0.80%

0.60%

0.40%

0.20%

0.00%

'0.200/ 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1 1
01 2 3 45 6 7 8 91011121314151617 18 19 2021 22 23 24 252627 28 29 30 31
day of month

53



Table 1: Summary Statistics

This table reports the average and volatility of daily stock return during (a) the three-day [—1,1] window
around monthly report announcement, (b) the day of monthly report announcement, and (c) the rest of the
month outside the [—1,1] window. The return, in percent, is in excess of the value-weighted market return.
The average return and volatility are first computed for each stock and then averaged across stocks.

Daily Avg Return (%) Daily Volatility (%)

(@) [-1,1] around announcement 0.05 2.53
(b) announcement day 0.07 2.80
(c) rest of month 0.02 2.26
(@) — (o) 0.03 0.28

t (1.43) (2.39)

(b) — (¢ 0.05 0.55

t (1.16) (2.91)
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Table 3: Monthly Announcement CAR, Quarterly Surprises, and Analyst Revisions

This table reports the average quarterly SUE and the daily average analyst revisions for stock quintiles sorted
by the returns in the three-day window around monthly announcement (r(_1 q)). It reports the daily average
analyst revisions for both the three-day window around monthly announcement (Rev|_; 1)) and the rest of
the month (Rev,,[_1 1)) The revision of the current quarter EPS forecast (FPI=6) is scaled by the share price
adjusted for splits and then averaged across revisions for the same stock on a given day. Revision=0 when
there is no revision for the stock in a day. The revision is in basis points. The daily revisions are winsorized
at 1 and 99% and are demeaned by the cross-sectional average revision. This table separately shows the
results conditional on monthly announcement CAR in months 2 and 3 of the quarter before quarter end and
conditional on monthly announcement CAR in all months containing monthly reports corresponding to the
quarter (e.g., for the fourth quarter, months 2 and 3 include November and December while all months include
November, December, and January).

Months 2 and 3 before quarter end All months
) @) ®) (4)
7’[_1,1] qulntlle SUE ReV[_L” Revex[_lll} (1) - (2) SUE Rev[_l,l] Revex[_l,l] (3) - (4)
Low -0.16 -4.64 -1.17 -348  -0.10 -3.96 -0.48 -3.48
2 0.17 -1.60 -0.37 -1.22 0.16 -1.13 0.23 -1.37
3 0.27 -0.62 -0.63 0.01 0.26 -0.84 -0.35 -0.49
4 0.33 -0.56 -0.45 -0.11 0.31 -1.44 -0.58 -0.86
High 0.34 1.70 -0.11 1.81 0.40 2.26 0.01 2.25
High - Low 0.49 6.27 1.12 5.15 0.49 6.17 0.48 5.69
t (4.93)  (3.71) (1.74) (3.00) (5.83) (4.49) (0.68) (3.80)
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Table 6: Post-Monthly-Announcement Drift, Conditional on Announcement Return

This table shows the Fama-MacBeth regression results of stock returns in the second half (H2) of a month on
the stock returns in the three-day window around monthly announcement ([—1,1]), the stock returns in the
first half (H1), or the stock returns in the first half excluding the three-day window around monthly announce-
ment (H1,,_q 1)) in the same month. It also shows the results of regressing stock returns in the first half of
the next month (H3) on the stock returns in the second half (H2) of a month. It uses only observations where
the three-day announcement window ends by the middle of a month. The stock returns in the regressions are
daily and in percent. The control variables include market beta (), market capitalization in log (LOGSIZE),
book-to-market ratio (BM, winsorized at 1 and 99%), the past one-year return momentum (MOM). B is esti-
mated using monthly returns in five-year windows and requiring at least 24 monthly observations. ¢-statistics
robust to heteroskedasticity are in the parentheses.

H?2 (columns 1-8) H3 (columns 9-10)
1 2) ®3) 4) ®) (6) @) (8 ) (10)
[—1,1] 0.030 0.031 0.043 0.036
(2.05) (1.98) (3.19) (3.14)
ngx[,lll} -0.017 -0.015 -0.033 -0.023
(0.77)  (0.65) (1.39) (0.94)
H1 0.014 0.026
(0.60) (1.02)
H2 0.001 -0.045
(0.03) (1.48)
B -0.061 -0.033 -0.037 -0.009 -0.062
(1.27) (0.78) (0.92) (0.21) (1.45)
LOGSIZE -0.010 -0.017 -0.017 -0.012 -0.027
(1.03) (1.74) (1.73) (1.25) (2.38)
BM 0.033 0.005 0.027 0.016 -0.022
(1.06) (0.15) (0.83) (0.49) (0.64)
MOM 0.013 0.020 -0.002 0.033 0.016
(0.22) (0.33) (0.04) (0.55) (0.29)
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Table 7: Post-Monthly-Announcement Drift, Full Cross-Section of Stocks
This table shows the results of the Fama-MacBeth regressions:

rH, = am, + by, - TH, +€H,
ry3 = am, + by, TH, + €H3,

which regresses the stock returns in the second half of a month (H3) on the returns in the first half of the same
month (H;), and regresses the stock returns in the first half of the next month (H3) on the stock returns in the
second half of a month (Hy). The stock returns in the regressions are cumulative half-month returns and are
in percent. The control variables include market beta (), market capitalization in log (LOGSIZE), book-to-
market ratio (BM, winsorized at 1 and 99%), the past one-year return momentum (MOM). t-statistics robust
to heteroskedasticity are in the parentheses.

All stocks Large stocks
H2 H3 H2 H3 H2 H3 H2 H3
H1 -0.080 -0.094 -0.044 -0.060
(24.48) (31.33) (10.28) (16.97)
H2 -0.093 -0.104 -0.062 -0.077
(25.16) (30.18) (13.39) (19.23)
B -0.149  0.124 -0.1686  0.129
(2.08)  (1.65) (2.08)  (1.55)
LOGSIZE -0.098  -0.090 -0.037  -0.041
(5.06) (4.49) (237)  (2.70)
BM 0.061  0.105 0.034  0.091
(3.17)  (5.41) (1.01) (2.73)
MOM 0.532  0.002 0.008  0.003
(5.67) (1.78) (6.97) (2.54)
br, — bm, 0.012 0.009 0.018 0.017
(2.66) (2.37) (2.87) (3.41)
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Table 8: Market TSMOM
This table shows the time series regression results for the value-weighted market return:

Plt+1,64+F) = BH, T UH, oLy, T€
Tlt+1,64+F) = AH, T UH, L4160, T&

where (1 ;) is the future average F-month return. rj;_; 4y, and r;_; 1 g, are the lagged L-month
average of returns in the first or the second half month, respectively. Panel A and B show the estimates of
by, and by, respectively. For ease of interpretation, all the independent variables are standardized by their
respective full-sample standard deviation. So the estimates in Panels A and B are the effect of a one standard
deviation change in lag return on future return (in percent per month). Negative estimates are color-coded.
Newey and West (1987) t-statistics adjusted for correlation between F months are in the parentheses in the
subscript. In Panel C, we bootstrap by randomly re-shuffling daily market returns within each month (but
not across months) and then running the same regressions as for Panels A and B. The p-value is the fraction
of simulations where, for all look-back and holding horizons, by, — by, exceeds the minimum of by, — by,
between Panels A and B. There are 1,000 simulations.

Panel A: by,, conditional on lagged market return in the first-half month

Look-back Future holding months F
months L 1 3 6 9 12 18 24
1 0.69(». 0.23 0.247) 01604  0.14 0.09 0.03

(2.2) (1.4) (2.1) (2.0) (1.0)
3 03815 02704 02449 02255 0135 13) 02)
6 0.5401) 03445 0300 02144 0134 (056) 1)
9 04447 03646 02443 01735 01lgg 001y —0.03(0s
12 04144 02445 01700 01247 00443 03) (056)
18 0323 01809 00995 0015 —0.044s 06) 07)
24 0.1406) 00201 —0.02p5 00543 —0.084s) 02) 07)

Panel B: by,, conditional on lagged market return in the second-half month

Look-back Future holding months F

months L 1 3 6 9 12 18 24
1 0.2207) —02573 —01745 —0.023 —0.0507 —0.06(12) —0.09(s)
3 —041(13 —04517 —02444 —009:7 —01247 —01255 —0.157
6 =044y —036(15) —011¢gy —0.07¢g6 —0.16(11) —0.1916 —0.1907)
9 —0.06(02) —0.18(9) —0.09¢s5 —0.1309) —0.17(19) —02417 —0224y
12 —0.16¢04) —0.250pg) —02211) —0.1917) —028(15 —02971) —0.270)
18 =027z —032419) —03417 —03319) —03600 —035026 —0.3209
24 —043(11) —046(14) —03919) —036(20) —0.3922 —0.3725 —0.36029)

Panel C: Bootstrap p-value

p-value 0.007




Table 9: Market TSMOM and Market SUE
This table shows the time series regression results for the value-weighted market return:

Tlts14+F) = 8Hy +0H, - Topy,m, +CHy c ABSUER 1 yq 4+ dmy T py10,5, - ABSUER 1414 +€
Tlt+14+F) = 8H, +OH, T p 1,0, +CHy - ABSUE 141y +dm, T py10,1, - ABSUER 1414+

where (1 ;) is the future average F-month return. rj;_; 1y, and r;_; 1 g, are the lagged L-month
average of returns in the first or the second half month, respectively. ABSUE|;_| 1 is the lagged L-month
average of the absolute value of market SUE. Panel A and B show the estimates of dy, and dp,, respectively.
For ease of interpretation, all the independent variables are standardized by their respective full-sample stan-
dard deviation. So the estimates in Panels A and B are the effect of a one standard deviation change in the
independent variable on future return (in percent per month). Negative estimates are color-coded. Newey
and West (1987) t-statistics adjusted for correlation between F months are in the parentheses in the subscript.
We conduct in Panel C a bootstrap by randomly re-shuffling daily market returns within each month (but not
across months) and then run the same regressions as for Panels A and B. The p-value is the fraction of simu-
lations where, for all look-back and holding horizons, dy, — dy, exceeds the minimum of dp, — dp, between
Panels A and B. There are 1,000 simulations.

Panel A: dp,, conditional on lagged market return in the first-half month

Look-back Future holding months F
months L 1 3 6 9 12 18 24
1 0.24(1 7 0.19(23) 0.10(1.7) 0115y 0.0902.0) 0.07(1.9) 0.02(9.7)
3 0.33(2.5 0.20(25) 0.08(1 4) 0.10(2.1) 0.0902.1) 0.08(2.4) 0.00¢.1)
6 0.18(1.4) 0.03(9.3) 0.03(0.5) 0.10(2.1) 0.09022) 0.0902.6) 0.015)
9 0.04(93) 0.04(0.4) 0.10(1.6) 0.16(30) 0.15(3.4) 01131 0.04(1 5)
12 0.23(15) 0.21(23) 0.22(3 3, 0.25(45) 0.2146) 0.14(3 ) 0.09(2.8
18 0.20(1 5) 0.16(2.0) 0.14(2.4) 0.16(3 2 0.13(32) 0.0912.8 0.062,0
24 0.13(1.0) 0.10(1.2) 0.15(25 0.09(1.9 0.07(1.7) 0.07(2.2) 0.0725)
Panel B: dp,, conditional on lagged market return in the second-half month
Look-back Future holding months F
months L 1 3 6 9 12 18 24
1 —01813) —0.1548) —0.0407 —0.0409) —0.0409) —0.03¢g) —0.02¢7
3 —0.3405) —0.2308) —0.07(12) —0.06(13) —0.0511) —0.0001) —0.03(1y)
6 —0100p7 —0.02¢p2 —0.0406 —0.05¢9) —0.00@0 —0.001) —0.03¢10)
9 0.01g0) —0.0191) —0.040p6 —0.01¢1 0.03¢7) —0.02¢07) —0.06020)
12 —0.00¢9.0y 0.01p1) —0.01¢) 0.00(0.0) 0.011) —0.06(16) —0.09020)
18 —0.0806) —0.0303) —0.07(12) —0.0917 —0.0921) —01233 —0.10(5)
24 —01812) —02003 —02133 —0214e —0.1942 —0.1439 —0.0702)

Panel C: Bootstrap p-value

p-value 0.006




Table 10: Market TSMOM and Market SUE, Conditional on Whole-Month Returns
This table shows the time series regression results for the value-weighted market return:
Mestprr) =@+ b1y pyq g +c- ABSUEy gy +d -1y,  ABSUER 1414 +€

where 7,11, ) is the future average F-month return. r;_;,, is the lagged L-month average return.
ABSUE[;_ 11, is the lagged L-month average of the absolute value of market SUE. Panel A shows the es-
timates of d. For ease of interpretation, all the independent variables are standardized by their respective
full-sample standard deviation. So the estimates in Panel A are the effect of a one standard deviation change
in the independent variable on future return (in percent per month). Negative estimates are color-coded.
Newey and West (1987) t-statistics adjusted for correlation between F months are in the parentheses in the
subscript. In Panel B, we bootstrap by randomly re-shuffling market earnings across quarters and then run-
ning the same regressions as for Panel A. The p-value is the fraction of simulations where, for all look-back
and holding horizons, d exceeds the minimum of d in Panel A. There are 1,000 simulations.

Panel A: d, conditional on lagged whole-month market return

Look-back Future holding months F
months L 1 3 6 9 12 18 24
1 0.03q, 0.02 0.03(04) 0.04¢06)  0.03(, 0.03 —0.00

(01) (02) (06) (06) (01)
3 0.06(0.4) 02 00202 00404  0.0404 08) 05)
6 0.14(7) 03 0011 00504 00704 08) 03)
9 00402 0.030py 00503 01205 01379 007 —0.01¢y,
12 0.17(1.0) o) 01600 01845 01614 (09) 01)
18 0.11(p) 07 00895  0.07pe  0.050s 01) 03)
24 0.02(9.1) 01  00lgy —0.030p3 —0.050s) 04) 01)

Panel B: Bootstrap p-value

p-value 0.042
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Table 11: Market TSMOM, Excluding Macro Announcement Days from Predictor

This table shows the results of the same time series regressions as Table 8 for the market return, except that
the market returns on days containing macro announcements are excluded from the right-hand-side variable
(lagged market return). The macro announcements include announcements on inflation, unemployment, and
the FOMC announcements.

Panel A: by, conditional on lagged market return in the first-half month

Look-back Future holding months F

months L 1 3 6 9 12 18 24
1 0.7323) 024157 02306 015453 01323y 01019  0.05(3
3 040(16) 02412y 02045 01949 012413 0102  0.04(
6 0.5321) 028715y 02546 01842 01319 0.0897  0.03(03
9 04116 03114 0217 01609 01245  0.064  0.03(02)
12 03916 020410 01609 013¢s  0.08¢05  0.0302  0.02¢2)
18 03515 02010y 01307 00704 00392 00201  0.03(y2
24 0219  0.0904) 0.0603 00402 00201  0.0302  0.02¢y)

Panel B: by, conditional on lagged market return in the second-half month

Look-back Future holding months F

months L 1 3 6 9 12 18 24
1 0227 —02312) —0171q4) —0.0202 —0.03¢5 —0.0509) —0.08(1s)
3 —0.3912) —044(6 —02443 —0.0899 —010pg —01111 —0.153
6 —0.4411) —036(11) —011ge —0.0504) —0.12¢g9 —0.1714 —0.1873)
9 —0.0501) —0.16¢g5) —0.06(03) —0.0906) —01397 —0.22(14 —0.20(21)
12 —0.123) —021e) —0.18pg) —0.1508) —0232) —027719) —0.26(,4)
18 —0.22¢05y —0.289g) —0.30(13) —03015 —03317 —033024 —03l3p
24 —0409) —0.4312) —036016) —0.3216 —0.36019) —0.36028) —0.3530)

Panel C: Bootstrap p-value

p-value 0.003
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Table 12: Variance Ratio

We estimate the variance ratio (the half-month return variance divided by the one-day return variance and
the number of trading days in the half-month window) during the first half (H;) and the second half (Hp) of
a month. We divide the whole sample into three-year windows (1926-1928, 1929-1931, ..., 2013-2016), where
the last window has four years. For each window, we use time series observations of half-month and one-day
returns to compute the half-month and one-day variances and their ratio in Hy and Hj, respectively. The
resulting variance ratio is averaged across time for the market, and averaged first cross-sectionally and then
across time for individual stocks.

H; H, H;—H; t-stat

Market 1.33  1.00 0.32 (3.91)
Large stocks 0.96 0.90 0.06 (2.88)
Small stocks 0.92 0.85 0.07 (4.02)
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Appendix

A Construction of Monthly Reports Data

We download all the historical data items in Bloomberg, known as the Bloomberg bulk
data fields, for all S&P 500 firms. There are a total of 1,050 Bloomberg bulk data fields,
although most monthly reports contain only a small subset of the data fields. We in-
clude a firm even if it subsequently drops out of the S&P 500 index. Overall we searched
Bloomberg bulk data fields for 1,177 firms. To comply with the Bloomberg data download
limit, we use a two-step download procedure. First, we conduct an initial download of all
1,050 bulk data fields and all 1,177 firms for two years (2005 and 2015) to narrow down the
list of firms disclosing monthly reports and the available bulk data fields in the monthly
reports of each firm. Then, we download all years for those firms with monthly reports
and their available bulk data fields based on the information in the initial download. We
use the “BDS” function of the Bloomberg Excel interface for the download and specify
“FUND_PER=M" to request monthly reports in the “BDS” function.

Bloomberg does not provide the announcement date of the monthly reports. We use
the Thomson Reuters Real-Time News database to obtain the announcement dates. We
manually read through the news articles to identify the matching month-end report and
its announcement date. To narrow down the number of news articles, we impose three

filters based on keywords in the news headline. First, we require the headline to contain at

7o

least one keyword related to a month, including “month,” “month-end,” “the retail month

s s

of,” “weeks ended,” “January,” “February,” “March,” “April,” “May,” “June,” “July,” “Au-

gust,” “September,” “October,” “December,” and their abbreviated versions. Second, we

require the headline to contain at least one keyword related to firm fundamentals, includ-

ing “performance,” “order,” “sales,” “operation,” “asset,” “revenue,” “statistic,” “activ-

ars i s

traffic,” “user,” “member,” “deliver,

awTs i

volume,” “delinquencies rate,” “charge-off.”

ity,
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Finally, we require the headline to contain the firm name or ticker to exclude industry or
market-wise general news.

After reading the news articles, if there are multiple repeated coverage on the same
month-end news, we use the earliest one to get the announcement date. If an announce-
ment of monthly data coincides with a quarterly earnings announcement, we treat it as
part of the quarterly earnings announcement and exclude it from our sample to construct

a sample of monthly announcements distinct from the quarterly earnings announcements.
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Figure A1: Industry Distribution of Bloomberg Monthly Reports

This figure shows the number of Bloomberg monthly reports by industry, based on the Bloomberg industry
classification.
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Figure A2: Size Distribution of Stocks with Bloomberg Monthly Reports

This figure shows the size distribution of stocks with Bloomberg monthly reports and the size distribution of
all common stocks in the CRSP universe. The snapshot of size distribution is for December 2010.
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f the Chinese New Year Holiday Dates

Distribution o

Figure A3

This figure shows the distribution of the starting dates of the Chinese New Year holiday between 2000 and

2016.
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Figure A4: Return Responses for Chinese/U.S. Stocks outside February

This figure shows the cumulative abnormal return spread between good and bad news, which is the
FRONTLOAD measure in equation (1), during non-February months. The cumulative abnormal return
spread is calculated as in Figure 9, using the value-weighted return of Chinese stocks cross-listed in the U.S.
in plot (a) and non-Chinese stocks in the U.S. in plot (b), respectively.
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Figure A5: Placebo Months for Individual Stocks

This figure calculates the monthly cumulative abnormal return spreads between good and bad news in Figure
8 for individual stocks using placebo months, which are created by shifting calendar months by —15, —14, ...,
or 15 days. For example, —15 day shift means using the last 15 days of the previous month and excluding
the last 15 days of the current month as the placebo month. This figure plots the cumulative abnormal return
spreads in the middle (day 15) of a placebo month against the number of days shifted when creating the
placebo month.
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Figure A6: Placebo Months for the Market

This figure calculates the monthly cumulative abnormal return spreads between good and bad news in Figure
9 for the market return using placebo months, which are created by shifting calendar months by —15, —14,
..., or 15 days. For example, —15 day shift means using the last 15 days of the previous month and excluding
the last 15 days of the current month as the placebo month. This figure plots the cumulative abnormal return
spreads in the middle (day 15) of a placebo month against the number of days shifted when creating the
placebo month.
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Table A1l: List of Companies with Bloomberg Monthly Reports

Delta, General Motor, and United Airline changed their permno during the sample period; hence each is
shown with two permnos.

ticker permno Name
AAL 21020 American Airline
ADS 89002 Alliance Data
ALK 28804 Alaska Airlines
AN 76282 AUTONATION INC
ANF 83976 Abercrombie & Fitch
ASH 24272 ASHLAND INC.
AXP 59176 American Express
BEN 37584 Franklin Resources
CAL 10866 Continental airline
CAT 18542 Caterpillar
CBOE 93429 CBOE
CME 89626 CME
COF 81055 Capital One
COST 87055 COSTCO
DAL 91926, 26112 Delta
DDS 49429 Dillard
DFS 92121 Discover financial
DG 30382 Dollar General
DRI 81655 Darden Restaurants
EMR 22103 Emerson Electric
ETFC 83862 Etrade
F 25785 Ford Motors
FAST 11618 Fastenal
GM 12079, 12369 General Motor
GPS 59010 Gap
GWW 52695 WW Grainger
ICE 90993 Intercontinental Exchange
JjCcp 18403 JC PENNEY
JWN 57817 Nordstrom
KSS 77606 Kohls
LB 64282 Ibands
LDG 53612 Long Drugs
LM 65330 Legg Mason
LUV 58683 Southwest
M 77462 Macy
MCD 43449 McDonald
NDAQ 90601 Nasdaq
PGR 64390 Progressive
RAD 46922 Rite Aid
ROST 91556 Ross Store
SCHW 75186 Charles Schwab
SSp 84176 E W SCRIPPS COMPANY
TGT 49154 Target
TJX 40539 TJX
UAL 91103, 19596 United Airline
WBA 19502 Walgreens Boots All

WMT 55976 Walmart
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