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Riding the Wave of Sentiment: An Analysis of Return Consistency as a

Predictor of Future Returns
Boyce Watkins

This article analyzes the degree to which return consistency in the past predicts future
returns. I show that consistency is a strong predictive measure for future stock returns.
In a portfolio context, positively consistent stocks exhibit positive futuré risk-adjusted
returns, and negatively consistent stocks exhibit negative future risk-adjusted returns.
The results are economically and statistically significant over multiple subperiods.
Also, odd return behavior persists for nearly two years after portfolio formation. Stocks
that have been consistently positive (negative) for longer time horizons have higher
(lower) risk-adjusted returns during the following month than those that have been con-
sistent for shorter time periods. Finally, high consistency enhances momentum when
the two factors are allowed to interact. Thus, there appears to be strong path depend-
ence in the momentum effect, and consistency in stock returns appears to be an impor-

tant component of return predictability.

Background and Extended
Literature Review

Understanding return predictability from risk-based
and behavioral perspectives has gained importance in
the field of finance. Jegadeesh and Titman [1993] doc-
ument medium-term predictability in stock returns. By
forming portfolios based on deciles of prior mean re-
turns, they determine that excess profits can be earned
by purchasing stocks in the highest return decile, and
selling those in the lowest return decile. They show that
the profits cannot be explained by the unconditional
CAPM or by delayed price reaction to common fac-
tors. Generally speaking, no asset pricing model has
been able to explain this momentum effect.

Jegadeesh and Titman [1999], Lee and Swami-
nathan [2000], and others show that returns tend to re-
verse over long horizons, leading to the argument that
investors overreact to past returns. These results repre-
sent a potential violation of market efficiency, and lead
to the question of which cues lead investors to over-
react.

The overreaction might be expected if past returns
are factored into the investor’s model for predicting fu-
ture stock returns. Lee and Swaminathan [2000] argue
that trading volume is one of the conditioning variables
researchers might use to understand how pastreturns are
factored into the expected return calculation. Additional
variables are overconfidence (Daniel, Hirshleifer, and
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Subrahmanyam [1998]) and earnings momentum
(Chan, Jegadeesh, and Lakonishok [1996]).

This paper analyzes the importance of consistency as
a predictor of future stock returns, controlling for mo-
mentum effects and other variables that might lead to re-
turn predictability. We define consistency as the relative
frequency of positive or negative returns over a given pe-
riod. More specifically, consistency is initially mea-
sured by dummy variables that account for whether the
stock has had a run of positive or negative returns during
the prior six months. We also include a weaker consis-
tency measure, in which firms are considered positively
(negatively) consistent if four of the last six returns are
positive (negative).

The consistency question is logical, given that re-
turn momentum without considering the consistency
of those returns is incomplete. If one analyzes the tech-
nical side of the momentum phenomenon, it might be
meaningful to determine whether investors react to the
magnitude of past returns, or to the consistency with
which those returns are realized. Does a high-return
stock with six continuous months of consistent returns
receive preferential treatment over a stock with the
same gains that had only one very strong return, skew-
ing its return distribution for the pre-investment pe-
riod? This is the question that we attempt to answer.

An analysis of consistency might also provide clues
as to whether there is a risk-based explanation for the
momentum effect. If there is, then uncovering path de-
pendence in the process leaves more to be explained.
Path dependence is a technical phenomenon, and is not
as easily linked to fundamentals. However, discovery of
these relationships does not preclude the possibility of a
risk-based explanation. We must keep in mind that in-
vestor sentiment can be considered a macroeconomic
risk factor as well, and path dependence in the momen-
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tum effect may imply that sentiment changes through
time depending on the consistency of a stock’s recent
performance.

Path dependence is illustrated in the graphs of stocks
A, B, and C in Figure 1. Which of these stocks truly ex-
hibits momentum? Some might not consider stock A to
be a high-momentum stock, even though its return for
the past six months is the same as the others. Some might
even consider stock C to be a negative momentum stock.
Stock B appears to have the most consistent improve-
ment in price, given thatits price eachmonth exceeds the
price from the prior month. Understanding whether the
market treats each of these securities differently may
provide clues as to why the market prices momentum,
and why it might make sense for investors to place a
higher value on high-momentum stocks than low-mo-
mentum ones.

The predictability of consistency may be driven by
the herding behavior of momentum traders. It may also
be related to some form of “slow information leakage.”
where good news is followed by more good news, or
positive information is incorporated more readily than
negative information (perhaps due to short-selling con-
straints). A high-momentum stock with strong consis-
tency is more likely to fit with theories of under- and
overreaction to information. Therefore, we might ex-
pect that price consistency, in and of itself, contains in-
formation about future returns above and beyond what
we can obtain by simply analyzing the mean. Whether
this information relates to fundamental changes in value
or predictable time variation in noise trader sentiment is
another question, however.

To our knowledge, Grinblatt and Moskowitz [2002]
is the only paper that has analyzed return consistency
and its interaction with momentum. The authors used
securities from 1963 through 1999, and find a consis-
tent winner effect over medium-term horizons. They
also found that the sign of past returns matters when
predicting future returns.

This paper takes the additional steps of analyzing
security returns in subperiods from 1927 through 1999.
[ find a strong and robust loser consistency effect that
maintains itself over the following two years.

Finally, I determine that future excess returns are in-
creasing (decreasing) over the length of time the stock
has been positively (negatively) consistent. These re-
sults support the theoretical predictions of Grinblatt and
Han [2001 | and Shefrin and Statman [ 1985]. They argue
that a “disposition effect,” in which investors are less
likely to sell securities that have amassed capital losses,
leads to path dependence in the momentum effect. The
presence of a strong consistent winner and loser effect
may point to a behavioral explanation for momentum.

The second section describes the data and vari-
ables used here. The third section revisits the
Jegadeesh and Titman [1993] study. The fourth sec-
tion presents results from empirical tests, and the fifth
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section analyzes varying measures of consistency.
The sixth section analyzes additional interactive ef-
fects between consistency and momentum. And the
paper concludes with the seventh section.

The Data and Variable Descriptions

Stock returns were gathered from the Center for
Research in Securities Prices (CRSP) database for the
period of January 1927 through December 1999. Se-
curities with less than twenty-four months of returns
history are eliminated from the sample. Securities
must also have data available on each of the variables
for the test in which it is included.

The first and primary measure of return consistency
involves analyzing securities with six months of con-
secutive price increases or decreases. For this initial
measure, a security is considered positively (nega-
tively) consistent if its returns are positive (negative)
during every month of the entire pre-investment pe-
riod. Weaker measures are considered in the next sec-
tion. Six months is chosen here for the pre-investment
period because it is long enough to draw some infer-
ence, but not so long that there are no stocks that meet
the criterion. Other horizons are considered later.

Equations (1) and (2) present these definitions in
equation form:

Positive dummy(t} - [-’. where ]K = 1 if (4 RN 13 >0 (“
0 else
T T T A N | 5 oo e <)
Positive dummy(t) = 1, where 1y = LifTin,..ooo ik (2)
0 else

rj refers to the return during period j, where j is the
(t-))th realization in the return-generating process. Pos-
itive dummy (negative dummy) is a dummy variable
with the value of 1 if all returns during the prior K peri-
ods are positive (negative), and ( otherwise. These
variables are formulated for every month of the time
series and for every stock in the cross-section.

Weak consistency dummies are also calculated for
use later in the paper. Weak consistency dummies
have a value of | if the firm has had positive returns
for four of the past six months. Equivalent measures
for twelve, twenty-four, and thirty-six months are
also calculated. To see this in equation form, consider
the following. If we let:

1Y r >0 j=tl..t6

: 3
0 else )

A’I
we can then define:

6= Y A (4)




FIGURE 1
The Price Series of Three Stocks Over a Given Six-Month Period
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Note: On the x-axis lies the given month after investment; on the y-axis lies the price of the stock.
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Finally, we have a weak positive consistency
dummy variable that can be defined as:

1Y 8 > 4

Wf
. 0 else

(5)

This equation is specific to the six-month pre-invest-
ment evaluation period, but could easily be generalized
to other evaluation periods. In all cases, a security is de-
fined as weakly consistent if two-thirds of its returns are
either all positive or all negative.

Table 1 shows that roughly 1%-1.5% of all securi-
ties during a given month have had six consecutive
months of positive returns. The breakdown by decade
shows that the percentage is relatively stable, with the
maximum occurring during 1980-1989, when 1.75%
of all firms met the criterion. The minimum is the
1927-1939 time period, when only 0.86% of all firms
reached the standard.

Negative runs have roughly the same likelihood as
positive ones. The overall average is only slightly lower
(1.32% versus 1.12%), so the aggregate positive and
negative consistency measures have a surprisingly
strong negative autocorrelation through time. The maxi-
mum average (not surprisingly) occurs during the De-
pression, and the minimum occurs during the 1980s, the
same time period that the maximum occurs for the
positives. The number of firms meeting the standard is
low. Even during the decades with the greatest number
of publicly traded securities, less than forty stocks per
year are included in either strong consistency group.

Note that the weak consistency dummies capture a
greater proportion of the cross-section than the strong
consistency dummies. The mean proportion of firms
with weak positive consistency is only slightly higher

than that for negative firms (roughly 31% versus 28%).
Across decades, we see that the minimum for the weak
positive consistency measure is during the Depression,
and the maximum is during the 1950s. For the weak neg-
ative consistency measure, the minimum occurs during
the 1980s, and the maximum occurs during the Depres-
sion. So there is a connection between the consistency
variables and economic activity. There is also a strong
negative correlation between the positive and negative
consistency measures, i.e., the low points for one usu-
ally occur at the high points for the other.

Results from Empirical Tests

Strong Consistency Tests

The initial tests in this research begin with strong
consistency measures. For now, we consider stocks to be
highly consistentif they have six months of consecutive
positive or negative returns. This is obviously restric-
tive, and weaker measures are considered later. I calcu-
late hedge portfolio returns each month by subtracting
the equal-weighted mean return for all stocks that are
not highly consistent from the equal-weighted mean re-
turn for those that are highly consistent. Also, a final
hedge portfolio is calculated by subtracting the returns
of the negative consistency portfolio from the returns of
the positive consistency portfolio.

Table 2 shows the results from these portfolios, with
buy-and-hold returns for up to two years broken into
six-month intervals. This dissection of time periods al-
lows us to determine if and when the rewards to consis-
tency show themselves. A rudimentary analysis on this
level is enough to determine if further study into con-
sistency is warranted.

Table 1. The Percentage of Stocks With Six Months of Consecutive Positive or Negative Returns

Variable 1927-1939 1940-1949 1950-1959 1960-1969 1970-1979 1980-1989 1990-1999 Overall

Mean
N 669.98 818.05 994.62 1297.50 2019.85 2680.66  1486.13
Six month positive dummy 0.86% 1.10% 1.72% 1.29% 1.12% 1.75% 1.38% 1.32%
Six month negative dummy 1.33% 0.96% 0.87% 1.35% 1.59% 0.70% 1.02% 1.12%
Four of six months positive dummy 23.66% 31.27% 35.79% 30.59% 26.90% 34.98% 31.95%  30.73%
Four of six months negative dummy 33.39% 28.20% 24.72% 30.17% 32.26% 24.62% 25.51% 28.41%
Standard Deviation
Six month positive dummy 0.06 0.07 0.10 0.09 0.08 0.11 0.10 0.09
Six month negative dummy 0.09 0.07 0.07 0.09 0.09 0.07 0.09 0.08
Four of six months positive dummy 0.36 0.39 0.44 0.42 0.40 0.45 0.45 041
Four of six months negative dummy 0.39 0.38 0.39 0.42 0.42 0.40 0.41 0.40
Skewness
Six month positive dummy 14.39 14.33 13.27 14.87 17.80 11.96 11.74 14.05
Six month negative dummy 12.45 16.09 16.55 13.84 15.86 17.13 12.55 14.92
Four of six months positive dummy 227 1.44 0.80 1.22 1.58 0.77 0.89 1.28
Four of six months negative dummy 1.01 1.88 1.68 112 1.09 1.47 1.30 1.36

Note: All stocks in the CRSP universe from January 1927 through December 1999 were analyzed for every month during this time frame. The
percentage of stocks with six months of consecutive positive or negative returns were calculated and averaged across decades (see below). A
weaker dummy variable was also calculated as the percentage of stocks with four of the past six months having positive or negative returns. The
time series mean of the cross-sectional mean, standard deviation, skewness, and sample size are shown below. The results are presented for the en-
tire time period and by decade.
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Table 2. For Every Month From January 1927 Through December 1999 Stocks are Sorted Into Groups Based on Whether

They Have Had Six Consecutive Months of Positive Returns®

Horizon Hedge T-stat Positive T-stat Non-positive T-stat
Positive consistency dummy
Months 1-6 334 6.74 7.43 10.20 3.40 5.45
Months 7-12 0.53 1.16 3.76 543 3.49 5.57
Months 13-18 -0.74 -1.86 2.62 3.54 3.51 5.58
Months 19-24 0.52 1.20 3.67 4.77 3.51 5.57
Negative consistency dummy
Months 1-6 -4.94 -9.97 -2.09 -2.49 348 5.58
Months 7-12 -3.23 -6.92 -0.04 -0.05 353 5.64
Months 13-18 -0.83 -1.75 2.54 3.15 3.51 5.57
Months 19-24 -0.89 -1.72 2.63 293 3.51 5.57
Positive minus negative N
Months 1-6 9.57 12,50 743 10.20 -2.09 -2.49
Months 7-12 3.75 4.92 3.76 543 -0.04 -0.05
Months 13-18 -0.08 -0.11 2.62 354 2.54 3.15
Months 19-24 1.65 2.02 3.67 4.77 2.63 2.93

Note: The mean return for these stocks is then analyzed during months t + | through t + 6,1+ 7 through t + 12, t+ 13 through t + 18, and t + 18
through t + 24. Each return is then compared to the buy-and-hold return for the same time period for those securities without six consecutive
months of positive returns. The hedge portfolio buy-and-hold returns are shown below. This process is then repeated for those securities with six
consecutive months of negative returns (negative consistency dummies). Finally, the mean return each month for stocks with six months of nega-
tive returns is subtracted from the mean return for those with six months of positive returns, creating the “positive minus negative” portfolio. This

is shown in the third panel.
“ All coefficients are multiplied by 100.

To summarize Table 2, there are three hedge portfo-
lios formed (one for each panel of the table). The first
panel compares the stocks that have high positive con-
sistency with those that do not; the second panel com-
pares for high negative consistency; and the third panel
compares those that have positive consistency with
those that have negative consistency.

The buy-and-hold returns for each hedge portfolio
are calculated during months t + | throught + 6, t + 7
through t + 12, t + 13 through t + 18, and t + 19
through t + 24. The returns are orthogonalized, mean-
ing there is no overlap in the investment horizons or
return calculations.

For example, the returns for months 7-12 do not in-
clude investment months before t + 7 or after t + 12.
This allows us to see the return for a given portfolio
during each investment period. Risk adjustments are
not quite reasonable when analyzing semiannual re-
turns for portfolios formed during the past, so these re-
sults are calculated for raw hedge portfolio returns
only. If the magnitude of return differences is strong, it
is nearly impossible to determine whether the differ-
ence in risk between the high- and low-consistency
portfolios drives the entire return difference. We ad-
dress risk adjustments with more tests later.

The positive consistency hedge portfolios show
strong gains during the first six months after formation.
The mean return for positively consistent stocks during
the first six months is roughly 13.5% per year, giving a
hedge portfolio return of 6.68% per year. During the
first six months, the returns on positively consistent
stocks are nearly double that of other stocks in the
cross-section. The return difference between positively

consistent stocks and all others is only about 1% per
year for months 7-12, and it is actually lower than other
stocks during months 13-18. The return differential is
not significant during months 19-24. It is clear that re-
turns to the positive consistency strategy are very
strong for the first six months after portfolio formation
and appear to show some type of reversal over longer
horizons. Returns are not analyzed for periods of lon-
ger than two years.

The results on negative consistency tell a different
story. The returns are strongly negative for the first year,
and there is no sign of reversal during the first two years,
when returns to these stocks are always lower than those
of other securities in the cross-section. The most nega-
tive hedge portfolio returns occur during the first six
months, averaging —9.88% per year, when negatively
consistent stocks have average returns of —4.18% per
year. The negative performance of these firms continues
during months t+ 7 through t + 12, when hedge portfolio
returns are —6.46% per year. The returns to negatively
consistent stocks themselves are roughly zero at this
time, so they level off. But they still severely
underperform other stocks in the market.

During months t + 13 through t + 24, there is a less
than 2% per year difference between the negatively
consistent stocks and other stocks in the cross-section.
But no reversal is apparent during the time period ana-
lyzed. Thus, there appears to be a consistency effect for
losers as well, and evidence that the consistent loser ef-
fect is due to underreaction. It is also possible that
these stocks are experiencing long-horizon corrections
to previous overreactions, however. Finally, there is the
possibility that reversals take place after year 2.
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The positive minus negative hedge portfolio is ana-
lyzed in the final panel of Table 3. The difference be-
tween the returns on consistent winners and losers is
extremely strong early, averaging over 19% per year
during the first six months. The difference continues
during months 7-12, at roughly 7.5% per year. The fact
that these are zero investment hedge portfolios makes
the result that much more significant.

The difference between the returns of each group
is insignificant during months t + 13 through t + 18.
This is when both groups of stocks underperform
other stocks in the market. Finally, the difference is

positive again during months t + 19 through t + 24,
when winners slightly outperform the rest of the mar-
ket and losers underperform.

Analysis with raw returns over various horizons
gives some idea of the big picture of consistency and
whether there may be a consistency effect. Obviously,
we must question whether consistency is simply cap-
turing momentum, and whether this phenomenon ap-
plies to the broader cross-section of securities. We
must also address risk adjustment. We answer some of
these questions in the next section, and address them in
other ways later.

Table 3. For Every month From January 1927 Through December 1999, All CRSP Stocks Are Sorted Based on the Number of
Positive/Negative Returns During the Prior Six, Twelve, And Twenty-Four months

Period/Horizon Intercept T-stat SMB T-stat HML T-stat MKT T-stat MOM T-stat January T-stat
Pre 1965
6 month positive 0.42% 513 -0.16 477 -0.06 -2.37 006 -348 0.30 17.40 -0.01 -3.33
12 month positive 0.65% 560 -020 438 -0.19 -5.04 -008 -35I 0.26 1056  —0.01 =1.27
24 month positive 0.57% 384 -038 -637 -049 -1026 -005 -1.71 0.18 574  -0.01 -1.76
6 month negative —0.29% -3.66 0.00 -0.13 -0.04 -1.43 0.00 -0.02 -0.25 -15.11 0.01 3.51
12 month negative  —0.60% -4.72 0.01 0.27 0.03 0.83 -0.02 -074 -0.14 -5.22 0.02 4.20
24 month negative  —0.54% -2.86 0.06 0.82 0.06 106 -0.10 -2.73 -0.11 =2.71 0.04 5.29
6 months 0.50% 501 -0.10 -246 -0.01 -0.23 005 -239 0.41 19.16  -0.01 -3.81
12 months 1.11% 617 -0.19 =261 -019 -326 006 -1.73 0.35 926 -0.02 -3.21
24 months 1.06% 427 -042 427 -053 -666 0.05 0.97 0.29 548 -0.04 -4.79
1965-1969
6 month positive -0.06% -1.06 -0.07 -38% -005 -2.61 0.02 1.82 0.54 34.50 0.00 -1.55
12 month positive 0.18% 197 -0.11 -367 -016 455 0.04 2.01 0.57 21.11 0.00 -0.76
24 month positive 0.05% 038 -022 -49 -038 -7.12 006 1.96 0.53 13.06 0.00 -0.37
6 month negative —0.08% -1.31 =002 -1.23 -002 -083 -002 -149 -049 -2747 0.00 -0.92
12 month negative  —0.47% —4.69 -0.02 -0.64 0.02 048 -0.05 -2.02 -0.52 -17.04 0.01 1.93
24 month negative  —0.90% —4.71 0.11 1.66 0.19 259 0.02 057 -049 -8.56 0.02 2.65
6 months 0.02% 031 -004 -160 -003 -129 003 1.85 0.74 36.42 0.00 -0.02
12 months 0.59% 428 -007 -1.61 -0.15 -283 0.07 2.37 0.92 2237 -0.01 -1.62
24 months 0.93% 387 031 -379 -055 -574 003 0.63 0.96 1320 -0.02 -2.20
1990-1999
6 month positive 0.02% 032 -004 -1.52 -006 -2.27 0.01 047 0.50 19.02  -0.01 ~-1.98
12 month positive 0.40% 4.10 -006 -1.78 -0.16 411 -001 -0.54 0.45 12.90 0.00 -1.07
24 month positive 0.47% 372 -0.19 425 024 491 0.01 0.32 0.35 766 0,01 -2.40
6 month negative ~0.12% -1.53 0.02 083 004 -137 007 337 058 -2026 0.00 -0.63
12 month negative  -0.99% -6.35 0.15 282 0.4 059 013 315 076 -13.40 0.01 1.02
24 month negative  -1.44% —4.13 0.32 2.63 0.01 0.11 0.14 148 098 -1.79 0.03 2.49
6 months 0.11% 1.23 005 -1.64 0.00 -0.10 -0.04 -1.72 0,77 24.29 0.00 -0.78
12 months 1.22% 6.69 -0.18 -278 -008 -1.11 -0.13 -256 1.04 1576 -0.01 -1.19
24 months 1.85% 492 -048 -3.66 0.24 -1.59 -0.12 -1.22 1.28 9.41 ~0.04 -3.01
Overall
6 month positive 0.24% 507 009 -540 -009 -551 -002 -1.90 0.37 31.22 -0.01 .44
12 month positive 0.51% 725 013 =522 -021 -936 -0.03 -2.19 0.35 20,13 -0.01 -2.09
24 month positive 0.44% 482 -028 -845 046 -1553 002 -092 0.28 1235 -0.01 -2.46
6 month negative —0.24% 488 -001 =060 -004 -282 -001 -1.11 =032 -2692 0.01 353
12 month negative  —).70% -8.48 0.02 081 -0.01 -0.31 003 -182 -026 -12.88 0.02 5.58
24 month negative  —0.90% —6.76 0.13 2.64 0.01 0.15 007 -2.63 -0.24 -1.27 0.03 7.32
6 months 0.34% 564 006 -266 003 -129 001 -0.68 0.51 33.78 -0.01 -4.35
12 months 1.06% 950 -0.13 -329 -0.17 477 -001 -027 0.53 1909  -0.02 -4.56
24 months 1.29% 772 039 -641 045 -8.29 0.05 1.46 0.50 12.17 —0.04 -6.80

Note: A stock is defined as positively (negatively) consistent if two-thirds of its returns during the given pre-investment period are positive (nega-
tive). A time series of hedge portfolio returns is calculated as the difference between the return on positively (negatively) consistent securities and
other stocks in the cross-section. The return series of these portfolios are then regressed on the size, book-to-market, and market factors of the
Fama-French three-factor model, a momentum factor, and a January dummy. Period refers to the subperiod of study from which the regression co-

efficients are calculated. Horizon refers to the length of the pre-investment horizon.
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Less Restrictive Consistency Measures

Table 3 analyzes consistency effects using broader
measures to allow for more flexibility. Rather than de-
fine positive (negative) consistency as six consecutive
months of positive (negative) returns, we now define it
as having positive (negative) returns for two-thirds of
the pre-investment horizon. For example, if the pre-in-
vestment period is six months, a stock is positively con-
sistentif four of those months are positive. This includes
a much larger proportion of the cross-section of securi-
ties, with more than half falling into one consistency
group or the other.

Raw portfolio returns (in excess of the mean re-
turn for all securities that are not in the high consis-
tency group) are adjusted for risk in a more general-
ized factor model consisting of all known risk factors
in the cross-section of securities: size, book-to-mar-
ket, return on the market, momentum, and a January
dummy. The size, book-to-market, and market factors
are derived from the Fama-French three-factor model,
and the momentum factor is formed by subtracting
the returns of low-momentum NYSE stocks from the
returns of high-momentum NYSE stocks. High and
low momentum are defined as being in the top and
bottom third, respectively.

Once again, three different portfolios are analyzed,
one for positive consistency, one for negative consis-
tency, and one for positive minus negative consis-
tency. In the first case, the hedge portfolio returns are
calculated by subtracting the equal-weighted mean
return of all stocks not in the high positive consis-
tency group from the stocks that are in the group. In
the second case, the returns for all securities not in
the high negative consistency group are subtracted
from those that are in the group. In the final case, the
positive consistency and negative consistency stocks
are compared. The holding periods are one month for
each portfolio.

If consistency has an effect in these regressions, we
would expect the intercepts in a time series regression
of hedge portfolio returns on the risk factors to be posi-
tive for the positive consistency portfolios and negative
for the negative consistency portfolios. Also, the inter-
cepts from the high minus low hedge portfolio should
be positive. The results are analyzed for three separate
time periods for robustness (pre-1963, 1965-1989, and
1990-1999). We also analyze three pre-investment
consistency periods of six, twelve, and twenty-four
months. Again, a stock is defined as consistently posi-
tive (negative) if two-thirds of the returns during the
given pre-investment period are positive (negative).

We begin with a discussion of positive consistency
alphas, which are positive for every pre-investment
horizon and nearly every subperiod studied. The only
exceptions are the alphas from the six-month positive
consistency hedge portfolio measured during

1965-1989, where the alpha is negative and insignifi-
cant. The alphas from the six-month pre-investment
horizon are not typically as strong as those from the
twelve- and twenty-four-month horizons. However,
they tend to be positive, with average annualized ex-
cess returns of 2.88%, 6.12%, and 5.28%, respec-
tively, for the six-, twelve-, and twenty-four-month
consistency measures.

The alphas for negative consistency show an even
stronger trend. For every pre-investment horizon and
subperiod, the alphas are significantly negative for
the negative consistency portfolios. The average an-
nualized excess returns for all negative consistency
hedge portfolios are —2.88%, ~8.4%, and —10.8%, re-
spectively, for six, twelve, and twenty-four months.
Once again, consistency over longer time horizons
has a greater impact on stock returns in both the posi-
tive and negative directions. The 1990s show the
strongest predictability for negative consistency. Dur-
ing this decade, the mean returns for these securities
are —12% and —17.28%, respectively, for the twelve-
and twenty-four-month consistency measures.

The positive minus negative hedge portfolio excess
returns are positive for every pre-investment period and
for every subperiod. The consistency returns are in-
creasing over the amount of time the security has dis-
played its consistency. The risk-adjusted returns to the
hedge portfolios are 4.08%, 12.72%. and 15.48%, re-
spectively, for the six-, twelve-, and twenty-four-month
consistencies. One notable period is the 1990s, where
twenty-four-month  consistency hedge portfolios
earned 22.2% after all risk adjustments were taken into
account.

The factor loadings are indicative of the characteris-
tics of securities that help form the portfolios. The pos-
itive consistency factors tend to be large glamour
stocks at the time of portfolio formation, given that
they load negatively on the size and book-to-market
factors. The magnitudes of the loadings are monotonic
in the length of the pre-investment horizon. The load-
ings on the January dummy are negative for positive
consistency portfolios. As expected, the positive con-
sistency portfolios load positively on the momentum
factor.

The size and book-to-market loadings for the nega-
tive consistency portfolios do not differ significantly
from the rest of the market (remember these are zero
investment hedge portfolios, so the coefficient in this
regression is the difference between the coefficient on
the long portfolio and that on the short one). Their
betas are less than 1 on average, and they load nega-
tively on momentum. They tend to have positive load-
ings on the January dummy. Overall, the positive mi-
nus negative hedge portfolios tend to have negative
loadings on the size and book-to-market factors, posi-
tive loadings on momentum, and a negative loading on
the January dummy.
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Cross-Sectional Tests

The tests in the prior section seem to argue that con-
sistency has an independent impact on returns, as well
as an interactive effect with momentum. To provide
further confirmation, we perform cross-sectional tests,
which allow us to lengthen the investment horizon and
determine how long the effects of consistency impact
future stock returns.

The regressions are designed as follows:

6
rf = PBi(posi )+ PBa(negl )+ Bs(size! ) + ¥ Br(omom(k)!)
k=4

+ By (lagrer!) + By (turnover! ) + €} (6)

r,' is the return on security i at time t. The left-hand
side variable is changed to account for longer invest-
ment horizons. Returns are analyzed for one-, six-,
twelve-, twenty-four-, and thirty-six-month invest-
ment horizons. pos/ and neg/ are dummy variables
representing positive or negative consistency during
the past six months, not including the current month.
If a security has had positive returns in four of the last
six months, the positive consistency dummy has a
value of 1. If it has had negative returns over the same
period, the negative consistency dummy has a value
of 1. The intercept is removed because the structure
of these variables creates near multicollinearity in the
regression model in the presence of an intercept.
Size is the log of firm size during the given month.
Omom(k) represents the three momentum measures
used here. The momentum measures jointly represent
the buy-and-hold returns during the past six, twelve,
and twenty-four months. They are orthogonalized, in
that the six-month factor [Omom(4)] is measured as
the buy-and-hold return for the past six months, and the
twelve-month  factor [Omom(5)] captures the
buy-and-hold return for months 7-12. Similarly, the re-
turns to the twenty-four-month momentum measure
include only months 13-24. The momentum measures
must be structured this way to prevent overlapping.
Turnover is the share turnover for the firm during the
given month. Turnover is defined as shares traded divided
by shares outstanding. This measure is included because
turnover captures the glamour or value status of the secu-
rity (see Lee and Swaminathan [2000]). This is a better
measure to use in cross-sectional tests than book-to-mar-
ket because it does not require all stocks to have data on
Compustat, thus allowing us to use a larger data set.
Lagret is the raw security return from the previous month.
The regressions are run cross-sectionally for every
month from January 1927 through December 1999, The
coefficient estimates for every month are then averaged
and checked for significance. For robustness, coeffi-
cient estimates are averaged for the pre-1965 period,
1965-1989, and 1990-1999. Regressions forreturn hori-
zons exceeding one month should be “taken with a grain
of salt,” because the right-hand side variables do not ad-
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just for certain risk factors for longer-horizon stock re-
turns. In other words, the inclusion of size from month t
does not account for the fact that size in month t + k also
plays a role in returns for a given firm in month t + k.

These regressions allow us to determine whether
consistency affects future returns independently of mo-
mentum, and how consistency during month t affects re-
turns during future months. In effect, the cross-sectional
tests here support the joint portfolio sorting procedures
of the prior section. Our focus here is only on the sign of
the consistency coefficients, not the magnitude. A posi-
tive sign for the positive consistency dummy and a nega-
tive sign for the negative consistency dummy would
serve as additional evidence that consistency should be
studied in future research.

Table 4 shows the coefficients on the positive and
negative consistency dummies along with the t-statis-
tics. We don’t present the other coefficients for the sake
of space. Overall, the consistency dummy variables
have the predicted sign. For nearly every investment ho-
rizon, the positive consistency dummies have positive
coefficients, and the negative consistency dummies
have negative coefficients. This result holds across
nearly all subperiods. Positive consistency begins to
weaken during the twenty-four- to thirty-six-month in-
vestment horizon, however, where the positive consis-
tency dummy has an insignificantly negative coeffi-
cient. This could be evidence of long-term reversals.
The positive consistency dummies maintain their signif-
icance forinvestment horizons of up to twelve months.

Nearly all the coefficients on the negative consistency
dummy are significant. The exceptions tend to occur in
the pre-1965 time period, when stock returns were quite
volatile. The generally negative tone of the negative con-
sistency coefficients tends to confirm the results of prior
sections. We can conclude that positive consistency tends
to reverse, and negative consistency tends to persist. Fig-
ure 2 shows the path of the positive and negative consis-
tency dummies as the investment horizon increases.

The regressions appear to argue that consistency has
an unconditional impact on stock returns, and that this
impact persists through long horizons. Of course, addi-
tional testing would be necessary to fully understand
long-horizon implications of this phenomenon. In all,
the cross-sectional regressions appear to confirm the
sign of the consistency effect found in other sections.
This makes consistency relevant in the return distribu-
tion for a given security.

Potential Explanations

There could be many explanations for the consis-
tency effects uncovered. Three possible theories involve
earnings consistency, characteristic effects, and nega-
tive skewness. It has been argued that managers tend to
smooth earnings (Kirschenheiter and Melumad [2002],
Dye[1988], Chaney and Lewis [1995]), which may lead




Table 4. Results of the cross-sectional regression model

Horizon/Period 6 Month Positive T-Stat 6 Month Negative T-Stat
I month
Pre 1965 -0.04 -0.23 -0.12 —0.83
1965-1989 0.07 1.19 -0.13 -2.23
1990-present 0.24 2.76 -0.17 -1.60
Overall 0.09 2.02 -0.14 -2.82
6 months
Pre 1965 0.32 0.88 -0.28 =1.04
1965-1989 1.00 6.46 -1.39 -9.00
1990-present 1.49 6.64 ~1.78 —6.63
Overall 1.04 8.42 -1.39 -10.92
12 months
Pre 1965 0.02 0.04 0.23 0.68
19651989 0.78 4.69 ~-1.06 -71.34
1990-present 1.87 7.33 -1.22 -4.54
Overall 0.94 6.93 -1.00 -8.20
24 months
Pre 1965 0.10 0.27 0.23 0.59
19651989 0.17 1.22 -0.37 -2.70
1990-present 0.23 097 -0.41 -1.88
Overall 0.17 1.54 -0.34 -297
36 months
Pre 1965 0.00 0.00 -0.34 -0.79
1965-1989 ~0.14 -0.98 -0.55 -3.62
1990-present -0.37 -1.58 0.53 1.73
Overall -0.18 -1.41 -0.31 -2.40

6

Note: Results of the cross-sectional regression model 1 =Pi(pos) + B2(neg]) + Bi(size) + 3" Bx (omom(k)) -+ B7 (lagret]) +
k=4

Ba(turnover) + gjwhere the future return of the security over various horizons is regressed on the six-month positive consistency dummy (pos),

the six-month negative consistency dummy (neg), the log of firm size during the given month (size), four momentum factors (omom), the return
during the given month (lagret), and share turnover (turnover). The positive (negative) consistency dummy equals the value of 1 if four of the
firm’s last six returns are positive (negative). The momentum factors are defined as: Omom(4) is the buy-and-hold return for months t - 6 through t
— 1. Omom(5) is the buy-and-hold return for months t - 12 through t — 7. Omom(6) is the buy-and-hold return for months t — 24 through t — 12.
Lagretis the return for month t— 1. Turnover is the number of shares traded divided by the number of shares outstanding for the given firm. The re-
gression is run every month from August 1927 through December 1999. The coefficients are then averaged and checked for significance. To save
space, only the coefficients for the positive and negative consistency dummies are shown here. Also, the coefficient estimates are presented for
various subperiods: pre 1965, 19651989, and 1990-1999.

FIGURE 2
Annualized Coefficients From the Cross-Sectional Regressions in Table 6

Returns to consistency

—Positive
— —— Negative

Investment horizon

Note: The horizontal axis captures the length of the investment horizon. Horizons are orthogonalized, implying that no horizon overlaps
with any other. The Y-axis shows the annualized coefficient on the positive or negative consistency dummy variable. The solid line
represents the coefficients on the positive consistency dummy, and the dotted line represents the coefficients on the negative consistency
dummy.
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to consistency effects in stock returns. If the market re-
wards earnings consistency (or considers consistent
earnings to be a signal of reduced risk), this would lead
to higher firm valuations in subsequent periods. The fact
that return momentum and earnings momentum appear
related increases the likelihood of this relationship
(Chan, Jegadeesh, and Lakonishok [1996]).

A second possibility is a characteristics-based reac-
tion to consistency. Investors (institutional or other-
wise) who believe in market efficiency may believe
that their ability to predict future returns is limited.
However, a stock with consistently negative returns
may be perceived as an “unlucky” draw from the re-
turns distribution. This approach may be naive, but not
all price setters are sophisticated enough to correctly
assess future stock returns. An investor who witnesses
such autocorrelation in a stock’s return distribution
may believe that returns for a given firm are no longer a
random walk. Given that other players in the market
may or may not be rational, it would not be completely
illogical to use the price trend for additional inference.

A third possibility involves risk induced by the path
of prior stock returns. According to Chen, Hong, and
Stein [2001], the manner in which information is incor-
porated into stock returns tends to lead to a series of
positive price movements, introducing negative skew-
ness into the returns distribution. Quasi-rational inves-
tors would recognize these effects and require addi-
tional return to compensate for the skewness risk, even
if it is induced by behavioral factors. But answers to
these questions are ultimately for future research.

Conclusion

We analyze return continuation and its impact on
future stock returns. We find a clear and strong consis-
tency effect in the returns distribution. This effect is
stronger in the negative direction than the positive, and
continues to persist for the following two years. Con-
sistent winners strongly outperform all other stocks
and consistent losers. This effect appears to be robust
through time and various risk adjustments.

There is some reversal for winners over the next two
years, however, but no reversal for losers. The fact that
consistent winners (losers) have stronger returns than
inconsistent winners (losers) seems to point to a poten-
tial explanation for the momentum effect. However, the
fact that consistency has an impact independent of mo-
mentum argues thatit may be areturn predictorinitself.

References

Amihud, Yakov, and Haim Mendelson. “Asset Pricing and the
Bid-Ask Spread.” Journal of Financial Economics, 17, (1986),
pp. 223-249.

200

Blume, Lawrence, David Easley, and Maureen O"Hara. “Market Sta-
tistics and Technical Analysis: The Role of Volume.” Journal of
Finance, 49, (1994), pp. 153-181.

Brennan, Michael J., Tarun Chordia, and Avanidhar Subrahmanyam.
“Alternative Factor Specifications, Security Characteristics, and
the Cross-Section of Expected Stock Returns.” Journal of Finan-
cial Economics, 49, (1998), pp. 345-373.

Campbell, John Y., Sanford J. Grossman, and Jiang Wang. “Trading
Volume and Serial Correlation in Stock Returns.” Quarterly
Journal of Economics, 107, (1993), pp. 905-939.

Chan, Louis K.C., Narasimhan Jegadeesh, and Josef Lakonishok. “Mo-
mentum Strategies.) Journal of Finance, 51, (1996), pp. 1681-1713.

Chaney, Paul K., and Craig M. Lewis. “Earnings Management and
Firm Valuation under Asymmetric Information.” Journal of
Corporate Finance, 1, 1995, pp. 319-345.

Chen, Joseph, Harrison Hong, and Jeremy Stein. “Forecasting
Crashes: Trading Volume, Past Returns and Conditional Skew-
ness in Stock Prices.” Journal of Financial Economics, 61,
(2001). pp. 345-381.

Conrad, Jennifer S., Allaudeen Hameed, and Cathy Niden. “Volume
and Autocovariances in Short-Horizon Individual Security Re-
turns.” Journal of Finance, 49, 1994, pp. 1305-1330.

Conrad, Jennifer S., and Gautam Kaul. “"An Anatomy of Trading Strat-
egies.” Review of Financial Studies, 11, 1993, pp. 489-519.

Daniel, K.D., D. Hirshleifer, and A. Subrahmanyam. :Investor Psy-
chology and Security

Market Under- and Over-reactions.” Journal of Finance 53, (1998),
pp- 1839-1886.

Datar, Vinay, Narayan Naik, and Robert Radcliffe. “Liquidity and
Asset Returns: An Alternative Test.” Journal of Financial Mar-
kets, 1, 1998, pp. 203-220.

Dye., R. “Earnings Management in an Overlapping Generations
Model." Journal of Accounting Research, 26, 1988, pp. 195-235.

Gallant, Ronald, Peter E. Rossi, and G. Tauchen. “Stock Prices and
Volume.” Review of Financial Stedies, 5, 1992, pp. 199-242,

Griffin, John, and J, Spencer Martin, “Momentum Investing and
Business Cycle Risk: Evidence from Pole to Pole.” Working pa-
per, Arizona State University, 2002,

Grinblatt, Mark, and Bing Han. “The Disposition Effect and Mo-
mentum.” Working paper, Yale University, 2001.

Grinblatt, Mark, and Tobias Moskowitz, “Predicting Stock Price
Movements from the Pattern of Past Returns,” NBER Working
paper, 2002.

Grundy, Bruce D., and J. Spencer Martin. “Understanding the Nature
of Risks and the Sources of Rewards to Momentum Investing.”
Working paper, The Wharton School. 1998.

Jegadeesh, Narasimhan. “Evidence of Predictable Behavior of Secu-
rity Returns.” Journal of Finance, 45, 1990, pp. 881-898.
Jegadeesh, Narasimhan, and Sheridan Titman. “Returns to Buying
Winners and Selling Losers: Implications for Stock Market Ef-

ficiency.” Journal of Finance, 48, 1993, pp. 65-91.

Jegadeesh, N. and S. Titman. “Profitability of Momentum Strategies:
An Evaluation of Alternative Explanations”” NBER Working
Paper, No. 7159, 1999,

Karpoff, Jonathon. “The Relation Between Price Changes and
Trading Volume: A Survey.” Journal of Financial and Quanti-
tative Analysis, 22, 1987, pp. 109-126.

Kirschenheiter, Michael, and Nahum Melumad. “Can 'Big Bath" and
Earnings Smoothing Co-Exist as Equilibrium Financial Re-
porting Strategies?" Journal of Accounting Research, 40, June
2002, pp. 761-796.

Lee, C. M. C., and B. Swaminathan. “Price Momentum and Trading
Volume.” The Journal of Finance, 55, (2000), pp. 2017-2069.

Moskowitz, Tobias J., and Mark Grinblatt. “Do Industries Explain
Momentum?” Journal of Finance, 54, 1999, pp. 1249-1290.

Shefrin, Hersh and Meir Statman. “The Disposition to Sell Winners
Too Early and Ride Losers Too Long: Theory and Evidence.”
Journal of Finance, 40, (1985), pp. 777-792.




Copyright of Journal of Behavioral Finance is the property of Lawrence Erlbaum
Associates and its content may not be copied or emailed to multiple sites or posted to
a listserv without the copyright holder's express written permission. However, users
may print, download, or email articles for individual use.



