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ABSTRACT

Johnston, Mitchell Ph.D., Purdue University, August 2019. A High-Low Price Anomaly.
Major Professor: Huseyin Gulen.

I examine movements in the closing price that are different than the movements of

the high and low prices on a given day. Instances in which the closing price deviates

from the movements in the midpoint between the high and low are a strong predictor

of future abnormal returns. The predictive power of the HLDiff measure holds across

size groups and sub-periods and holds in the presence of other common determinants

of stock returns. The predictive power of HLDiff appears to be driven by the existence

of market frictions. In particular, I find that an instrument for HLDiff based on

attention proxies appears to account for the positive association with future returns.

I also construct a factor based on HLDiff and find that the factor is consistent with

market frictions and improves the pricing ability of the single-factor and five-factor

models.
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1. INTRODUCTION

Closing prices underlie many financial calculations. Academic research relies on

the close to calculate returns and market capitalization. Mutual funds rely heavily

on the close to determine their net asset value on a given day. Financial news often

uses the closing price when reporting on a security. However, the close of the market

has been shown to be unique. 1. Ultimately, the close may move in an independent

way relative to earlier prices. Given the prominence of the close price in financial

calculations, it would be interesting to investigate movements in the closing price

that are not reflective of movements in other prices, in particular I select the midpoint

between the high and low price on the same day.

In particular, I calculate returns to the midpoint between the high and low price

and compare the midpoint return to the closing price return. The difference between

the high-low midpoint return and the closing return is accumulated over the preceding

month. The use of the high-low midpoint is motivated by empirical literature that has

shown the high and low to be informative (Beckers (1983), Yang and Zhang (2000),

Corwin and Schultz (2012), and Abdi and Ranaldo (2017)). Beyond this literature,

the high and low prices exhibit a variety of useful characteristics: (1) The high and

low prices are readily observable to investors and are often quoted alongside closing

prices, (2) the high and low bound all trading activity on a given day, and (3) the high

and low are also unlikely to both be influenced by any unique trading mechanisms

that may exist prior the exchange closure. To the extent that the high and low are

genuinely informative, the close price would ideally reflect the movements in these

prices such that the deviation of the close return from the high-low average return is

not informative about future returns. Given the informativeness of the high and low
1These papers include but are not limited to: Admati and Pfleiderer (1988), Slezak (1994), Hong
and Wang (2000), Bogousslavsky (2016), McInish and Wood (1992), Cushing and Madhavan (2000),
Bogousslavsky (2017), Carhart, Kaniel, Musto, and Reed (2002), and Harris (1989).
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and the theoretical and empirical research about the close, I hypothesize that market

frictions may result in some of the information revealed in the high and low being

omitted from the close. The extent to which prices fail to properly reflect information

revealed in prior prices would be consistent with the closing price containing a degree

of mispricing.

Mispricing that arises as a result of incomplete markets or information frictions is

consistent with the investor attention hypothesis (Merton (1987)), in which a more

visible firm will have information incorporated more quickly. Inadequate attention

in this model is associated with the manifestation of various anomalies and variation

in the timing of the correction of these anomalies. While attention does not account

for all market frictions, it is a reasonable starting point to consider given the the-

oretical model of Merton (1987) and the empirical findings of Hou and Moskowitz

(2005).Relying on the qualities of the high and low prices and the fact that frictions

may influence the efficiency of information incorporation. I develop the measure

HLDiff to capture the movements in the high and low prices not reflected in the

closing price. Specifically, HLDiff is the monthly accumulated difference between the

high-low midpoint return and the close return. Using all stocks traded on the NYSE,

NASDAQ, and AMEX from 1965 through 2016, I document a strong positive correla-

tion between the size of HLDiff and subsequent monthly stock returns. The highest

decile portfolio formed based on HLDiff is associated with a value-weighted return

of 1.15%. The lowest decile portfolio is associated with a value-weighted return of

-0.36%. After adjusting for the Fama-French five-factor model, the spread portfolio

alpha is economically and statistically significant at 1.52% (t-stat: 9.69). To verify

the robustness of these results, I form three subgroups based on the market capital-

ization at the end of each month. The raw return and risk-adjusted alpha results are

similar for these subgroups. Results also persist after dividing the sample period into

sub-periods: 1965-1982, 1983-2000 and 2001-2016.

To further disentangle the effect of HLDiff from other return determinants, I

run Fama-MacBeth regressions and find that the HLDiff effect remains positive and
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significant. Consistent with the portfolio results, HLDiff is also significant across

sub-periods and size sub-groups after controlling for a variety of other common re-

turn determinants. The control variables included in the Fama-MacBeth regressions

are: prior month return, prior six month return (excluding the most recent month),

monthly turnover, monthly return volatility, log market capitalization (size), log book-

to-market, and a proxy for bid-ask spread. The effect is strongest for small firms.

While the small market capitalization group presents the largest coefficient and sig-

nificance, the result is present for all subgroups. I also find that the significance of

HLDiff is of similar magnitude or larger than all other control variables included in

the Fama-MacBeth regression.

The construction of HLDiff makes it unlikely that the return predictability re-

sult is an artifact of market microstructure noise issues such as non-trading or bid-ask

bounce. However, I adopt a variety of other safeguards to address market microstruc-

ture noise concerns such as excluding securities below $1 from my testing, using the

bid-ask midpoint at the close to calculate returns, and adopting the weighted least

squares (WLS) approach suggested by Asparouhova, Bessembinder, and Kalcheva

(2010). Results reflecting both of these adjustments are reported in the robustness

tests section. In the presence of these alternative procedures and adjustments, HLDiff

continues to have a positive and significant relationship with subsequent returns.

Given the significance of the return predictability, I consider a variety of alternative

drivers of the premium associated with HLDiff. First, I evaluate the timing of the

return realization in detail by looking varying return horizons from one to twelve

weeks. Hou and Moskowitz (2005) note that ‘most stocks respond to information

within a month’s time’. Consistent with this, I find that the return predictability

associated with HLDiff is almost entirely realized within the first four weeks. In

addition, the relationship between HLDiff and returns is never negative. A buy and

hold portfolio over the same 12 weeks presents similar positive and significant returns.

All of these findings are consistent with a delayed response to information revealed

by the high and low prices. HLDiff is also stronger when price delay is higher. That
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is to say when a stock has a delayed response to market information, the relationship

between HLDiff and subsequent period returns is stronger.

These results are strongly indicative of the fact that the closing price does not al-

ways reflect the information contained in earlier prices. This would be consistent with

a degree of mispricing for neglected securities when using the closing price to calculate

returns. In addition, it is possible that other frictions may delay the closing price in

responding to information. Miller (1977) argues that short selling constraints may

restrict the ability of rational investors to rectify perceived overpricing and incorpo-

rate their information into prices. Stambaugh, Yu, and Yuan (2012) extend the logic

of Miller (1977) by connecting short selling constraints to investor sentiment. They

further demonstrate that following a period of high investor sentiment overpricing is

more likely to exist. Stambaugh and Yuan (2016) utilize this motivation, in part,

to develop a mispricing factor model as it is possible that investor sentiment may

represent a systematic risk that rational investors require compensation for bearing.

The closing price failing to reflect information contained in other prices is consistent

with mispricing which is further solidified by the fact that the premium associated

with HLDiff appears to be driven by a variety of frictions including attention and

short selling constraints.

Given these facts, I construct a new factor and evaluate its pricing ability relative

to 12 prominent anomalies. The 12 anomalies considered are the same as those

examined by Stambaugh, Yu, and Yuan (2012) and Stambaugh and Yuan (2016) 2

to which I add idiosyncratic volatility3. Stambaugh, Yu, and Yuan (2012) note that

these anomalies are consistent with mispricing. Accordingly, Stambaugh and Yuan

(2016) use these anomalies in the construction of their mispricing factor model. To the

extent that HLDiff captures a degree of mispricing, I anticipate that this factor may
2The anomalies are distress, O-score, net stock issues, composite equity issues, total accruals, net
operating assets, gross profitability, asset growth, return on assets, investment to assets, and mo-
mentum.
3Stambaugh, Yu, and Yuan (2012) note a connection between mispricing and idiosyncratic volatility.
Specifically, they note that higher idiosyncratic volatility translates into higher arbitrage risk which
allows greater mispricing.
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explain some of the alpha associated with these anomalies. After adding the HLDiff

factor to the single-factor CAPM, the alpha associated with all but one anomaly is

reduced in both magnitude and significance, with distress, gross profitability, and

return on assets becoming insignificant under the single-factor model including the

HLDiff factor.

As a further test of the model including the HLDiff factor, I conduct a Gibbons

et al. (1989) (GRS) test. The null hypothesis of this test is that the selected factor

model is sufficient to price the test assets. Under the single-factor and five-factor

models, the GRS test rejects the null at the 1% level when HLDiff is excluded.

However, after the addition of the HLDiff factor, the GRS test is unable to reject the

null at the 1% level that the alphas for these 12 anomalies jointly equal zero for the

given model. Stated differently, I am unable to reject the null at the 1% level that the

two-factor and six-factor models including HLDiff factor are sufficient to jointly price

the selected anomalies. All of these facts indicate that the inclusion of the HLDiff

factor represents an improvement to these two factor models.

As a more direct examination of the relationship between HLDiff and mispricing,

I conduct two additional batteries of tests. First, I regress the HLDiff factor on

the Baker and Wurgler (2006) sentiment index and find that the sentiment index

positively and significantly predicts the HLDiff factor loading. Further, I find that

this relationship is stronger in the short leg portion of the spread portfolio consistent

with Stambaugh, Yu, and Yuan (2012), who attribute a component of mispricing

to short selling constraints. Second, I compare the HLDiff two-factor model to the

mispricing M-4 model of Stambaugh and Yuan (2016) and the Fama French five-

factor model. Consistent with HLDiff being associated with mispricing, the HLDiff

two-factor model prices the performance mispricing factor while both the five-factor

and M-4 models fall short of pricing the HLDiff factor. All of these findings support

the fact that HLDiff is consistent with mispricing, and the relationship is separate

and distinct from the factors in both of the competing models.
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While traditional asset pricing models assume that stock markets are frictionless,

numerous studies, both theoretical and empirical, document the existence of various

frictions for which investors may demand compensation. It is possible, for instance,

for investors to demand compensation for noisy prices which will exacerbate informa-

tion asymmetry frictions. In this context, it would make sense to construct a factor

that captures the aggregate level of mispricing. This is similar to approaches adopted

by Hirshleifer and Jiang (2010) and Kozak, Nagel, and Santosh (2018). Hirshleifer

and Jiang (2010) identify common misvaluation across firms and use this in the con-

struction of a factor. Kozak, Nagel, and Santosh (2018) construct a model where

fully rational investors trade with investors with distorted beliefs and deviations from

the CAPM are caused by sentiment. The implication is that behavioral explanations

for return premiums could be just as valid an explanation for the efficacy for factor

models as rational risk-based explanations. As HLDiff appears to be related to senti-

ment and is predictive of future returns, the construction of a factor based on HLDiff

is reasonable. Alternatively, it is possible that market-wide noise-trader sentiment

may represent a systematic risk for which rational investors require compensation

for bearing (Long, Shleifer, Summers, and Waldmann (1990)). Stambaugh, Yu, and

Yuan (2012) present findings consistent with investor sentiment inducing mispricing

when short selling constraints exist. Within this context, it is reasonable to develop

and test a factor model that includes a factor to capture mispricing.

Ideally, the closing price would perfectly reflect all information revealed by prices

earlier in the day. This is particularly important given the prominence of the closing

price in financial research. The findings of this paper indicate that movements in

prices observed earlier in the day seem to contain valuable information; the movement

in these prices relative to the close is a strong predictor of stock returns; and this

relationship appears to be driven by market frictions delaying the incorporation of

information. The remainder of this paper is organized as follows. In Section ??, I

describe the data and methodology used to calculate HLDiff. In Section 3, I present

both raw and risk-adjusted returns along with Fama-MacBeth regression results and
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an investigation of what drives HLDiff. In Section 4, I construct my factor and

compare the HLDiff factor model with other factor models. Section 5 presents a

variety of robustness tests. Section 6 concludes.
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2. DATA

Using all NYSE, NASDAQ, and AMEX firms available from the CRSP daily stock

file from 1965-2016, I obtain daily data including the high, low, and close price, as

well as the bid and ask at the close. In addition to the price information, I also obtain

daily returns as well as all relevant dividend information including stock splits and

dividends. For the book-to-market calculations, I have obtained the book value of

equity for the preceding year end from the Compustat database. That is to say, the

book value of equity for the fiscal year ending 2015 is used for all book to market

calculations in 2016. Market equity for these periods is based on the market equity

for the firm from the prior month.

My main variable of interest is based on calculating the return between the mid-

point between the high and low price from one day to the next and comparing the

midpoint return to the closing price return. As an initial step, I recalculate all CRSP

returns to within 0.01% using quoted closing prices. This ensures that my return

calculations are accurate and fairly approximate the returns presented by the CRSP

dataset. To obtain the return to the high-low midpoint, the close price in the above

calculation is replaced with the midpoint between the high and low prices for a given

day. In general, the high-low return is obtained through the following calculations.

HLPrci,t = Highi,t + Lowi,t

2 , (2.1)

HLReti,t = ln
(
HLPrct + divt

HLPrct−1

)
, (2.2)

In the above equations, Highi,t represents the high price for firm i from day t and

Lowi,t represents the low price for firm i from day t. HLPrci,t is the midpoint of the

high and low prices for firm i on day t. HLReti,t is the return calculated using the
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midpoint between the high and low prices for firm i on day t and day t-1 including

any dividends, stock splits, etc. Using this return, I compare the HLReti,t with the

corresponding return to the CRSP calculated closing price return.

RDiffi,t = HLReti,t −Reti,t, (2.3)

In the above equation, Reti,t represents the natural log of either the closing price

return for firm i on day t. Figure A.1 provides a simple example of the return

difference from a single day. As a robustness test, I have also calculated closing

price returns using the the bid-ask midpoint at the close. This is to address the

issue of any upward bias that may arise as a result of using daily closing prices to

calculate returns as demonstrated by Blume and Stambaugh (1983). Using the bid-

ask midpoint at the close helps to diminish this bias. As a further safe guard against

market microstructure noise, I accumulate the daily return differences over all the

trading days in a given month. Non-trading issues and bid-ask bounce will largely

be mitigated by adopting this convention and HLDiff will be approximately zero. In

the formation of my portfolios, firms with value of zero for HLDiff are excluded from

my extreme portfolios. The exclusion of securities below $1 also assists in mitigating

market microstructure noise issues.

HLDiffi,m =
D∑

t=0
RDiffi,t, (2.4)

HLDiff represents the accumulated difference between the return calculated using

the midpoint between the high and low prices on a given day and the closing price

return. Figure A.2 presents a simple example of the calculation of HLDiff over a

5-day window for the security, MYOK, from 12/23/2015 through 12/31/2015.

HLDiff is a reflection of a consistent movement in the midpoint between the high

and the low that is not matched by the close. Since the high and low have previously

been identified by researchers as informative, a natural question to ask is what can

the movements tell me about future returns. Corwin and Schultz (2012) and Abdi
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and Ranaldo (2017) demonstrate that using the high and low prices on a given day

can effectively estimate the bid-ask spread for a given security. The bid-ask spread is

an important metric to understand when considering the cost of trading a particular

security. A change in this spread may be reflective of an increase or decrease in the

cost of trading that security. Accordingly, changes in the high and low prices on a

given day would indicate a fundamental change in the cost of trading a security that

in a perfectly efficient market should be accounted for in the closing price. Another

body of literature uses the high and low prices on a given day in estimating volatility

of a security. Beckers (1983) and Yang and Zhang (2000) are two such papers. I leave

the investigation of the return relationship between transaction costs, bid-ask spread,

and volatility proxies to the papers already mentioned. Ultimately, the empirical

results using the high and low prices provide a logical starting point for selecting

informative prices. An alternative approach would be to select a randomly realized

price from earlier in the day, however, there is no guarantee that the selected price

would be informative. Based on the existing literature, movements in the high-low

midpoint should contain some information about either a change in bid-ask spread

or volatility. The comparison to the close then is attempting to assess the extent to

which the closing price either includes or excludes the information reflected in the

movements of the high and low prices.

Table 1 contains the summary statistics for HLDiff along with all control variables

included in the Fama-MacBeth regressions. I have included the mean, standard devi-

ation, median, 25th, and 75th percentiles for each variable. Control variables include

prior month returns and prior 6 months return as measured from t-7 through t-2.

Prior month returns are commonly associated with short term reversal while the 6-

month return is intended to capture momentum returns. I have also included controls

for average daily turnover (lmto) as measured as total monthly volume divided by

shares outstanding, daily return volatility, log size, log book-to-market, and spread as

measured according to Abdi and Ranaldo (2017) with a two-day adjustment. Spread

is included as a control to verify that the results are not simply a reflection of changes



11

in transaction costs alone. A final control variable (rv) is constructed to capture the

price range for the security. This variable is calculated as:

rvi,m =
T∑

t=1

Highi,t − Lowi,t

(Highi,t + Lowi,t)/2
(2.5)

where high and low represent the high and low prices on day t. These control variables

have been included in the regressions that are discussed in detail in the following

section.
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3. RESULTS

In this section, I examine the relationship between HLDiff and future returns. Sec-

tion 3.1 evaluates both the raw and risk-adjusted returns to decile portfolios formed

based on HLDiff. In Section 3.2, I run Fama-MacBeth regressions at a firm level

including a variety of different control variables commonly associated with return

predictability. Finally, Section 3.3 presents results considering returns on a weekly

basis.

3.1 Portfolio Tests

As a first step, I form decile portfolios based on the value of HLDiff at t-1. I

present both equal and value-weighted raw returns and five-factor alphas. I limit my

discussion here to the value-weighted results. All equal-weighted results are of the

same sign and significance as those associated with the value-weighted returns and

are larger in magnitude. I also present return results for three sub-periods as well as

portfolios that control for market capitalization. Controlling for market capitalization

is achieved by first sorting firms into three separate groups based on their market

capitalization at the end of the preceding month. Once all securities are assigned to

a size group (small, medium, or large), I form decile portfolios based on HLDiff at

t-1. These portfolios are held for a single month and reformed at the beginning of

the next month. The value-weighting and capitalization sub-groups ensure that the

results are present across a broad cross-section of securities and not simply driven by

small firms, while the sub-period results ensure that the findings are applicable across

time and not simply isolated to a particular time frame.

Once each portfolio is formed, I obtain the time series of value-weighted returns

to each portfolio for each month from January 1965 through December 2016. If
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movements in the high and low are informative and the close fails to incorporate

this information, I would expect HLDiff to be positively and significantly associated

with the subsequent monthly returns. The raw returns to each decile portfolio along

with an arbitrage portfolio are presented in Table B.2. The Fama and French (2015)

five-factor alphas are reported on Table B.3. The risk-adjusted alphas obtained from

the five-factor model ensure that the results are not simply a reflection of the size,

book-to-market, investment, or profitability factors. Controlling for common factor

models helps ensure that the premium is unlikely to be associated with previously

identified risks but also facilitates comparison with other anomalies. All t-statistics

obtained from the factor regressions are heteroscedasticity-consistent following White

(1980).

Table B.2 presents the value-weighted raw returns for each decile portfolio formed

based on HLDiff. In addition to each portfolio return, a spread portfolio has been

formed by subtracting the return to the decile 1 portfolio from the return to the decile

10 portfolio. A t-test has been performed as a way to assess if the return to this spread

portfolio is significantly different from zero. Across sub-periods and size sub-groups,

I find that the returns to these spread portfolios are positive and significant. This

is consistent with the fact that movements in the high-low midpoint are informative

and can be used to predict future returns when the closing price movements are

not reflective of the movements in the high-low midpoint. The full sample spread

portfolio has an average monthly value-weighted return of 1.52% with a t-statistic of

9.69. This return differential is fairly substantial and represents an annualized return

of 19.84%. When the high and low drop lower relative to the close price (decile 1), the

average value-weighted monthly returns are âĂŞ0.36%. However, when the high and

low increase more relative to the close price (decile 10), the average value-weighted

monthly returns are 1.15%. Table B.3 presents the value-weighted five-factor portfolio

alphas. The decile 1 and decile 10 portfolios have average monthly alphas of âĂŞ0.74%

and 0.72%, respectively. The spread portfolioâĂŹs alpha is positive and significant

at 1.46% with a t-statistic of 7.78. After adjusting for the common risk factors, the
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returns remain virtually unchanged. The five-factor alpha is 1.46%, while the raw

return is just 0.06% higher at 1.52%.

Both raw return and risk-adjusted alphas are consistent across size sub-groups as

well. Table B.2 presents the raw returns for the size groups. Table B.3 presents the

alphas for the size groups. The HLDiff effect is strongest for the small size group.

The spread portfolio for this size group has an average monthly raw return of 2.77%

with a t-statistic of 19.62 and an average monthly risk-adjusted alpha of 2.73% with

a t-statistic of 17.77. The spread portfolio for the medium size group has an average

monthly raw return of 1.78% with a t-statistic of 14.08, while the average monthly

risk-adjusted alpha is 1.77% with a t-statistic of 12.73. For the large size group, the

average monthly raw return is 1.14% with a five-factor alpha of 1.04% and t-statistics

of 8.26 and 6.77, respectively. While the result is strongest for the small sub-group,

the result remains economically and statistically significant even for the largest size

group both in terms of raw and risk-adjusted returns. As before, returns for sub-

groups are largely unchanged after adjusting for common risk factors. The largest

decline in returns is within the large size group where the raw returns are reduced by

0.1%.

Table B.2 and Table B.3 both present the results across three sub-periods (1965-

1982, 1983-2000, and 2001-2016). For the first sub-period, the average value-weighted

monthly raw return is 0.77% with a risk-adjusted alpha of 0.81% and t-statistics of

4.38 and 4.16, respectively. Monthly value-weighted raw returns average 2.24% across

the 1983-2000 sub-period with a t-statistic of 7.75 while the average monthly risk-

adjusted alpha is 2.15% with a t-statistic of 5.07. The final sub-period from 2001-

2016 presents an average raw return of 1.55% with a t-statistic of 4.69, while the risk-

adjusted alpha is 1.44% with an associated t-statistic of 4.03. The effect is strongest in

the 1983-2000 sub-period both in terms of raw and risk-adjusted returns. However, as

with the size groups, the results remain both economically and statistically significant

for all sub-periods. As all size groups and sub-periods present much the same way,

it would seem that these results are robust and not driven by a particular subset of
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securities where transaction costs may make trading on this information prohibitive

or isolated to a particular time period.

As further verification of my result, I also regress the spread portfolios on a va-

riety of alternative factor models and obtain similar results. These factor models

include the Sharpe-Lintner CAPM, the Fama and French (1993) three-factor model,

the Carhart (1997) four-factor model, and the Stambaugh and Yuan (2016) mispricing

factor model (M-4). In the robustness section, I also completed a principal compo-

nent analysis based on research by Giglio and Xiu (2018) to further verify that the

risk-adjusted results are not simply the result of an omitted factor. I have presented

results for the five-factor alphas for the sake of brevity and for comparability with

other anomalies. I also find that these results persist after increasing the dollar cut

off for stocks to $5 or $10.

All of these results reiterate that the movements in the high and low that are

not reflected in the closing price are informative about future returns while common

risk factors are not able to explain the excess returns realized by these securities.

This result is consistent with prior research that has shown the high and low to be

informative (Abdi and Ranaldo (2017), Corwin and Schultz (2012), Yang and Zhang

(2000), and Beckers (1983)). If the close poorly reflects the information in other or

earlier prices, it is reasonable to expect that the market will eventually adjust the

price to reflect that information.

3.1.1 Comparing HLDiff to Other Return Determinants

This section presents results from Fama-MacBeth cross-sectional regressions of

monthly stock returns on HLDiff and a variety of firm characteristics. These tests

are run as a means to verify that the findings presented thus far are not simply a

previously identified determinant of stock returns. The following regression equation

is used for the purpose of this test.
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reti,t = β0 + β1HLDiffi,t−1 + β2Controlsi,t−1 + εi,t, (3.1)

In this equation, reti,t is the log stock return to stock i in month t. The control

variables included in this regression are returns from month t-1, buy and hold returns

from month t-7 to t-2, a proxy for the bid-ask spread proposed by Abdi and Ranaldo

(2017), monthly turnover, daily return volatility, log market capitalization, and the log

book-to-market ratio at the end of the preceding month. As before, I have conducted

the analysis on a subset of firms based on their market capitalization and separated

the full sample into three sub-periods as a further robustness check of my result. All

standard error estimates have been Newey-West adjusted for 4 lags as suggested by

Greene (2012).

Table B.4 presents the results for both CRSP closing price returns. In addition to

the full sample, the results from running the Fama-MacBeth regressions on two sub-

periods are reported to verify that these results are not isolated to a particular period.

HLDiff remains a positive and significant determinant of returns in the presence of

the other control variables. In terms of significance over the full sample period, HLDiff

is the most statistically significant variable included in the regression. The coefficient

for HLDiff for the full sample period is 0.2115 with a t-statistic of 23.95, which

confirms the positive and statistically significant relationship between HLDiff and

future stock returns. This result remains consistent across sub-periods. As with the

raw and risk-adjusted returns presented, HLDiff is stronger in the middle sub-period.

For the 1965-1982 sub-period, the coefficient on HLDiff is 0.1938 with a t-statistic of

14.72. For the middle time period, the coefficient increases to 0.2570 with a t-statistic

of 25.03. In the final time period, the coefficient on HLDiff decreases to 0.1749 with

a t-stat of 9.23. Irrespective of the time frame, the coefficient on HLDiff is positive

and remains statistically significant. The coefficients of other control variables are

consistent with expectations or insignificant.

Table B.5 presents the results from the Fama-MacBeth regressions for three size

sub-groups. Again, these results present in a way consistent with those from the
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portfolio return analysis. HLDiff is largest for small firms with a coefficient of 0.2469

and t-statistic of 23.42. This coefficient decreases to 0.1661 with a t-statistic of 11.61

for the largest tercile of stocks. The results for the medium size tercile are positive

and significant with a coefficient of 0.1741 and a t-statistic of 14.17. The magnitude

and significance of the HLDiff coefficient of the medium size sub-group is similar

to that of the large size sub-group. Irrespective of the size group, the HLDiff effect

remains in the presence of each of the selected controls. The persistence of HLDiff is in

contrast to some other common determinants of stock returns such as book-to-market

or momentum which are both insignificant for the largest subset of firms while HLDiff

presents the largest t-statistic across size groups. Irrespective of size group, it appears

that the close may move in a way that does not reflect the movements in prices earlier

in the day. It is possible that the closing price for small firms could be influenced

by the increased trading volume at the close. However, these results confirm that

the informativeness of HLDiff is not limited to small firms where trading around

the close may have a more dramatic price impact. In unreported tests, I subdivide

firms based on their stock price or monthly turnover. Across the stock price groups,

the coefficient is positive and significant with the highest priced stock producing the

smallest coefficient in terms of magnitude. The coefficient on HLDiff for the lowest

priced stocks is 0.1593 with a t-statistic of 11.89. Similarly, all three turnover groups

have a positive and significant coefficient on HLDiff with the highest turnover group

producing the lowest coefficient of 0.1652 and a t-statistic of 12.73.1.

One possibility is that HLDiff is consistent for a given security across time. If

this is the case, I expect that HLDiff would be informative at horizons beyond one

month. Additionally, this would indicate that either the market consistently fails to

react to the information in the high and low prices, or that the returns realized at

the close are partly driven by security characteristics, and HLDiff may in some way

capture this non-transient security characteristic. To test this, I use returns at month
1To ensure that the result is not driven by firms with zero turnover and thus the least liquid firms,
I omit firms in the low turnover group with a turnover value of 0. This also avoids multicollinearity
issues that would arise from measuring HLDiff where no trading took place.



18

t+2, t+4, and t+6 as the dependent variables in the Fama-MacBeth regressions. For

each of these alternative dependent variables, the coefficient on HLDiff is insignificant

with the highest t-statistics of 1.59 for the returns 4 months ahead. This finding is

consistent with the idea that the market incorporates the information contained in the

high and low prices over the following month, and the difference between the return

to the high-low midpoint and closing price return is not necessarily a reflection of a

persistent security characteristic. This is further confirmed when regressing HLDiff

on a lagged observation of HLDiff. The coefficient on the lagged HLDiff variable

is negative and significant. That is to say that HLDiff reverses in the subsequent

month. This is not entirely unexpected as HLDiff is higher when the closing price

decreases, however, the results thus far indicate that the closing price will increase

in the subsequent period, thus HLDiff is lower because the closing price relative to

other prices is higher.

To this point, the results have shown that movements in the high and low midpoint

are informative about future returns. However, it is possible that movements in the

high or low alone are capable of explaining the predictive power of HLDiff. As a

further test, I decompose HLDiff into movements in the high or low by recalculating

HLDiff using only the high or low price. These results are presented in Table B.6.

For HLDiff calculated using only the low price, I find similar positive and significant

results, however, the magnitude of the coefficient is approximately half the size of the

combined high and low price coefficient at 0.1062 with a t-statistic of 20.72.. HLDiff

derived using only the high price is also positive and significant, but as with the low

price decomposition, the magnitude of the coefficient is approximately half that of the

coefficient on the combined high-low midpoint. The coefficient for HLDiff in this test

is 0.1201 with a t-statistic of 18.28. Individually, movements in the high and low not

reflected in the close are positive and significantly related to future returns. However,

the midpoint, in terms of magnitude and significance, is larger than either price

individually. To the extent that the high or low represent unique information, this

result is not surprising and the combination of the two prices to obtain the midpoint
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provides a way of possibly capturing the information contained in each respective

price. In addition, Corwin and Schultz (2012) find that the trades at the high price

are almost always buyer-initiated, and the low price is almost always associated with

a seller-initiated trade. Using both prices in some way then captures the movement

of buyers and sellers while the high or low may only effectively capture the buyers or

sellers, respectively.

I have also conducted a variety of robustness tests in addition to the results already

presented. These results persist after controlling for different momentum strategies.

In addition, the result is not sensitive to the use of log returns as the dependent

variable. Log returns were originally used as the dependent variable as HLDiff is

calculated using the log daily returns. However, the results are present for both sets

of returns.

Ultimately, these cross-sectional regressions demonstrate that HLDiff persists in

the presence of a variety of control variables, and the result presented thus far is

not simply a manifestation of another previously identified return determinant. In

all sub-periods and size groups, HLDiff remains a statistically significant and posi-

tive predictor of stock returns. The t-statistic associated with HLDiff is often the

largest of all presented variables. This is particularly remarkable given that many

documented predictors of future stock returns lose much of their predictive ability for

the largest subgroup of securities. These results are consistent with others who find

that prior price observations can be informative about future returns. Jegadeesh and

Titman (1993) and George and Hwang (2004) both use previously realized prices or

returns to predict future returns. This paper uses the closing price as a benchmark

for comparison and finds that earlier trades are informative and may not be perfectly

reflected in the close. Since the close does not reflect the information in these trades,

it is interesting to consider if HLDiff can potentially explain other observed anomalies

as it may capture information revealed to the market during the day but not fully

reflected in the price at the close. In Section 5, I construct a factor based on HLDiff
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and evaluate the alphas associated with 12 anomalies after the inclusion of the HLDiff

factor.

3.2 Weekly Testing

To the extent that movements in the high and low are informative, it seems

reasonable for the market to react relatively quickly to this information. This is

particularly true if the close fails to reflect the movements in the high and low prices.

Hou and Moskowitz (2005) note that prices respond relatively quickly to information.

In particular, information revealed to the market will be fully incorporated within a

month’s time. In addition, price changes that are meaningful are unlikely to reverse

in subsequent periods as the shift reflects the efficient price for the security. To

this point, the results are indicative of the fact that movements in the high and low

that are not matched by the close do seem to provide meaningful information about

future returns. The following tests attempt to identify how quickly the price reacts

to HLDiff and if there is any subsequent reversal of the return. I form buy and hold

portfolios and record returns up to 12 weeks in the future. I also run weekly Fama-

MacBeth regressions on weekly returns up to 12 weeks in the future. These results

are strongly indicative of the fact that movements in the high and low that are not

captured by the close are largely incorporated into the price over the following week.

However, HLDiff remains a positive predictor of returns up to 6 weeks in the future

with declining magnitude for each week further in the future.

3.2.1 Weekly Portfolio Tests

As an initial consideration of the timing of the returns realization, I form weekly

decile portfolios based on HLDiff. HLDiff is calculated based on the preceding 20

trading days, approximately one month, and weekly returns are compounded daily

returns from Wednesday to the following Wednesday. The mid-week convention is

adopted as it largely avoids issues with market holidays and any influence the week-
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end may have. However, results using returns calculated from other weekdays are

qualitatively similar. The results of the weekly portfolio tests are reported in Table

B.7. How the sake of brevity, I have presented the value-weighted raw return and

five-factor alphas for the spread portfolio (portfolio 10 less portfolio 1) only. Portfolios

are formed and held for up to 12 weeks. Weekly returns are positive and significant

across all 12 weeks that the portfolios are held. The largest portion of the returns are

realized in the first week after portfolio formation.

Within the first week of portfolio formation, the portfolio earns 0.65% with an

associated t-stat of 13.53. The five-factor alpha is 0.66% with a t-stat of 13.60. This

result is compelling in terms of statistical significance, and also economically with an

annualized return of approximately 36%. While trading on a weekly basis may be

prohibitive, the returns persist at horizons beyond one week. In the second week, the

raw return increases slightly to 0.77%. The five-factor alpha increases to 0.78% in the

second week. The raw return and alpha are positive and significant for every holding

period up to 12 weeks. The results are largely consistent with the findings presented

earlier with HLDiff positively predicting future returns. Beyond the confirmation of

the earlier findings, these results also point to the fact that the market responds fairly

quickly to the information content of the high and low prices. It is interesting to note

that over the full holding period considered, the returns recognized in the first week

are not realized. This would be consistent with the intuition that the movements in

high and low prices reflect meaningful information that is impounded into the price.

If the information was spurious or if HLDiff is not associated with any meaningful

information, I would expect the returns to be corrected at longer horizons as the

market adjusts its reaction to more appropriately reflect the true price and reduce

the noise included in the price.

In unreported results, my findings are similar when I subdivide across size groups.

The magnitude and significance is largest in the initial week following portfolio for-

mation. The raw return and alpha remain positive and significant over the full sample

period for all size groups. The magnitude and significance are largest for the small
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size sub-group and are smallest for the large size sub-group. These outcomes are

also present across sub-periods. These results point to similar conclusions as those

presented in the monthly portfolio testing. One issue that may arise is concern about

market microstructure noise associated with compounding daily returns combined

with weekly return measures. In the robustness section, I have recalculated returns

using the bid-ask midpoint at the close to verify that the predictive power of HLD-

iff is not simply an artifact of market microstructure noise. The results associated

with weekly portfolios are qualitatively similar after making both of these robustness

adjustments.

3.2.2 Weekly Fama-MacBeth

As a further consideration of the timing of returns, I have run Fama-MacBeth

regressions on weekly returns. Table B.8 reports the results for the Fama-MacBeth

regressions along with control variables. HLDiff is positively related to the subsequent

weeks returns. Consistent with previously presented results, the coefficient on HLDiff

is the largest in terms of statistical significance and remains economically significant.

In particular, a one interquartile increase in the value of HLDiff is associated with a

0.22% increase in weekly returns. When annualized, this represents a 14% return. If

the movements in the high and low represent meaningful information that should be

impounded in the price but is not reflected in the close, I would expect the market to

respond quickly with the informativeness of HLDiff dropping in power as the market

adjusts the price to fully incorporate the information. If HLDiff captures some sort

of underlying risk, I would anticipate that the magnitude and significance will persist

irrespective of when HLDiff is measured. To examine how quickly the price adjusts

related to HLDiff, I run the following Fama-MacBeth regressions:

reti,w+n = β0 + β1HLDiffi,t−1 + β2Controlsi,t−1 + εi,w+n, (3.2)
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where the dependent variable is the weekly returns w+n periods ahead. HLDiff is

based on the preceding 20 trading days. Controls are the same as those in the monthly

Fama-MacBeth regressions. The dependent variable is 1, 2, 4, 6, 8, 10, and 12 weekly

returns in the future. On Table B.9, I report the coefficient associated with HLDiff

for each Fama-MacBeth regression as well as the associated t-statistic. The findings

are largely consistent with the weekly portfolio findings. HLDiff is strongest both in

terms of magnitude and significance one week in the future with a coefficient of 0.1749

and t-statistic of 37.94. In the following week(w+2 ), the coefficient drops by 92.6%

to 0.0136 with a similar decline in significance. However, HLDiff remains statistically

significant, but is no longer economically significant. That is to say that the price

quickly adjusts to incorporate the information that is reflected in the high and low

prices. The decline continues up to 10 weeks with a small uptick at 12 weeks in the

future.

While there is a general decline in the predictive power of HLDiff, the relationship

between HLDiff and returns remains positive over the horizon considered. Similar to

the portfolio findings, this indicates that the price adjusts relatively quickly. While

the price responds relatively quickly, it is also worth noting that at longer horizons

the relationship is never negative. Again, this indicates that the market does not

reverse the effect of the original price movement associated with the HLDiff variable.

The fact that the price responds relatively quickly and does not reverse is consistent

with the movements in the high and low presenting meaningful information that

is only incorporated after a delay. As with my portfolio results, I also consider

both size sub-groups and sub-periods. All of these results are consistent with earlier

reported results, with the coefficient remaining positive and significant across size

groups and sub-periods. As before, I have also verified that the results hold for market

microstructure adjustments. HLDiff remains a positive and significant predictor of

future returns after shifting to bid-ask midpoint at the close returns or adopting

the weighted-least squares regression suggested by Asparouhova, Bessembinder, and

Kalcheva (2010).
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Both sets of weekly results (portfolio and Fama-MacBeth) are indicative of the

fact that HLDiff contains some information. The fact that prices respond relatively

quickly to the information in HLDiff as well as the fact that the price movements

are consistently positive and not reversed indicate that the high and low contain

meaningful information, and that information is impounded into prices after a delay.



25

4. HLDIFF FACTOR

Thus far the results have shown a significant relationship between HLDiff and

future stock returns. In this section, I explore the relationship between HLDiff,

other anomalies, and mispricing. Stambaugh, Yu, and Yuan (2012) demonstrate

that a large set of anomalies observed in empirical literature are, in part, driven

by investor sentiment. They argue that high levels of market-wide sentiment will

result in stronger overpricing due to short selling constraints consistent with Miller

(1977). Consistent with this intuition, Stambaugh, Yu, and Yuan (2012) find that

anomaly returns are stronger following periods of high sentiment. If HLDiff captures a

degree of mispricing, investor sentiment should positively predict the premium earned

by the HLDiff factor. Further, as many of the anomalies considered are, in part,

driven by mispricing, I expect the HLDiff factor to explain the alpha for some of the

anomalies if mispricing drives the results associated with HLDiff. In that spirit, I use

HLDiff to create a ’factor’ mimicking portfolio and perform a battery of tests. First, I

establish the relationship between HLDiff and the Baker and Wurgler (2006) investor

sentiment index. Next, I add the HLDiff factor to the Sharpe-Lintner single-factor

and Fama-French five-factor models and document anomaly alphas before and after

the inclusion. Lastly, I consider the relative ability of each of these models to explain

the other factor models.

To construct the HLDiff factor, I adopt the approach of Carhart (1997). The

factor portfolio return is obtained by subtracting the value-weighted return to the

bottom 30 percent of stocks based on HLDiff from the value-weighted return to the

top 30 percent of stocks based on HLDiff. The considered anomalies are generated

from the simple closing price returns. Accordingly, I have used the difference between

simple (not logged) returns calculated from the high-low midpoint for the factor

portfolio formation.
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Table B.10 presents the means, standard deviations, and correlations for a monthly

series of the HLDiff factor with each of the factors in the Fama and French (2015)

five-factor model. The HLDiff factor is negatively associated with the market and

size factors and positively related to the value, profitability, and investment factors.

The correlation magnitudes between HLDiff and the other five-factors are similar to

the correlations amongst other factors.

4.1 HLDiff and Investor Sentiment

As discussed above, Stambaugh, Yu, and Yuan (2012) connect mispricing to in-

vestor sentiment. They extend this logic into the formation of their mispricing factor

model in Stambaugh and Yuan (2016). I adopt a similar approach to the latter pa-

per by connecting the HLDiff factor to sentiment by dividing the factor portfolio into

long and short leg components and regressing the excess returns to these portfolios on

lagged investor sentiment. Following a period of high sentiment, the most overpriced

stocks will fall into the short leg portfolio, and thus the returns to this portfolio will

be related the prior period’s level of investor sentiment. Motivated by Miller (1977),

short selling constraints may result in rational investors being unable to correct per-

ceived overpricing. On the other hand, the long leg of anomaly arbitrage portfolios

will be significantly less sensitive to investor sentiment as there is no constraint on

the ability of investors to long a security. Underpricing will quickly be corrected as no

market friction inhibits the ability of investors to respond to the observed underpric-

ing. If the HLDiff factor captures some degree of mispricing, I would anticipate the

short leg of the factor mimicking portfolio to be significantly correlated with investor

sentiment. However, I anticipate that the long leg will not present any meaningful

relationship between the excess return and investor sentiment. Finally, the spread

portfolio should be positively and significantly related to the lagged investor sentiment

measure.
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To test the relationship between HLDiff and sentiment, I adopt the approach of

Stambaugh and Yuan (2016) and run the following regression:

Ri,t = ai + b× St−1 + ui,t, (4.1)

where Ri,t represents the excess return for the short or long leg portfolio or the factor

portfolio premium. St-1 represents Baker and Wurgler (2006) investor sentiment from

the prior month. Table B.11 reports the coefficient estimates for the above regression.

Consistent with mispricing and the findings of Stambaugh, Yu, and Yuan (2012), I

find that the coefficient on investor sentiment is negative and significant for the short

leg portfolio and insignificant for the long leg portfolio. Further, the magnitude of

the coefficient on the short leg portfolio is over two times as large as the coefficient

on the long leg portfolio. The spread portfolio (long-short) is positive and significant.

As discussed above, short selling constraints will limit the ability of investors to

correct overpricing. The short leg is comprised of the firms that are most overpriced

firms, or where the closing return has consistently exceeded the high-low midpoint

return. The relationship between the short leg portfolio and investor sentiment is

indicative of mispricing. These results are consistent with the findings of Stambaugh

and Yuan (2016) who also find qualitatively similar loadings on their long and short

factor portfolios and a positive relationship between their mispricing factors and prior

sentiment. These results are reflective of the fact that the premium on the HLDiff

factor is earned primarily by the most overpriced stocks. This asymmetry in the effect

of sentiment on the excess returns for the long and short legs of the HLDiff factor is

indicative of HLDiff capturing a degree of mispricing which, in this case, would be

related to the inability of pessimistic investors to step in and correct the overpricing

induced by the high sentiment of optimistic long investors.
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4.1.1 Examining the HLDiff Factor’s ability to explain anomalies

Table B.12 reports the alphas for the single-factor (Sharpe (1964) and Lintner

(1965)) CAPM and five-factor (Fama and French (2015)) model before and after the

inclusion of the HLDiff factor for various anomaly portfolios. The anomalies consid-

ered are: distress (Campbell, Hilscher, and Szilagyi (2008)), O-score (Ohlson (1980)),

net stock issues (Ritter (1991) and Loughran and Ritter (1995)), composite equity

issues (Daniel and Titman (2006)), total accruals (Sloan (1996)), net operating as-

sets (Hirshleifer, Hou, Teoh, and Zhang (2004)), momentum (Jegadeesh and Titman

(1993)), gross profitability (Novy-Marx (2013)), asset growth (Cooper, Gulen, and

Schill (2008)), return on assets (Fama and French (2016)), Chen, Novy-Marx, and

Zhang (2011)), investment to assets (Titman, Wei, and Xie (2004)), and idiosyn-

cratic volatility (Ang, Hodrick, Xing, and Zhang (2006)). For each anomaly, spread

portfolios have been formed based on the value-weighted return difference between

the top and bottom deciles. All anomaly returns are from Robert Stambaugh’s web-

site1. These spread portfolio returns are then used as the dependent variable in the

following regressions:

Ri,t = αi +
N∑

j=1
βi,j × Fj,t + ui,t, (4.2)

where Fj,t represents the N factors in a given model. For instance, the five-factor

model before the inclusion of the HLDiff factor would include the market, size, value,

investment, and profitability premia while the five-factor model after inclusion would

include market, size, value, investment, profitability, and the HLDiff factor. All

t-statistics are heteroskedasticity-consistent following White (1980).

Of the anomalies considered, eleven have significant alphas in the single factor

CAPM over the time period from 1965 to 2016. This is largely consistent with the

fact that common risk factors are insufficient to explain the returns associated with

these anomalies. In terms of absolute magnitude, the single-factor alphas range from
1http://finance.wharton.upenn.edu/˜stambaug/

http://finance.wharton.upenn.edu/~stambaug/
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0.32% for the O-score anomaly to 1.56% for idiosyncratic volatility. The t-statistics

range from 1.28 for the O-Score anomaly and 6.41 for the net stock issues anomaly.

The O-Score anomaly is the only one that is unable to achieve significance over the

time period considered in the single factor model. I also provide the average absolute

alpha and t-statistic for all 12 anomalies as well as the the Gibbons, Ross, and Shanken

(1989) (GRS Test) F-statistic and p-value. The single-factor average absolute alpha

across all 12 anomalies is 0.73% while the t-statistic is 4.30. The F-statistic of the

GRS Test is 6.61 with an associated p-value of 4.9772 × 10-11. Under the five-factor

model, the O-Score anomaly is now significant with a t-statistic of 3.73, while the

asset growth anomaly is now insignificant. This item becoming insignificant is not

surprising as the CMA factor is effectively asset growth. The average alpha for the

five-factor model is 0.54% with an average t-statistic of 3.44. The GRS test yields

an F-statistic of 5.55 with an associated p-value of 6.0331 × 10-9. The GRS test for

both the single and five-factor models rejects the null hypothesis that these models

are adequate to explain the pricing errors of these anomalies.

After adding the HLDiff factor to the single-factor model, 10 anomalies are de-

creased in both magnitude and significance. The inclusion of my factor achieves a

slightly better level of success than the five-factor model in explain the return of these

anomalies. Under the five-factor model only one of these anomalies is no longer sig-

nificant. However, with the inclusion of the HLDiff factor to the single-factor model,

the alpha associated with three anomalies are now insignificant. These anomalies are

distress, gross profitability and return on assets. In addition, four anomalies that

were previously above the 3.00 t-statistic hurdle proposed by Harvey, Liu, and Zhu

(2015) are less than 3.00 after the inclusion of the HLDiff factor. The average abso-

lute alpha is now 0.44% with an average t-statistic of 2.77. The GRS test statistic is

similarly improved, dropping to 7.69. Perhaps the most stark result is the increase

in the p-value associated with the GRS Test. The null hypothesis of this test is that

all alphas jointly equal zero for a given set of factors. The null is rejected at the 1%

level both excluding and including the HLDiff factor. However, the p-value increases
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by 5 orders of magnitude. Contrasting this with the five-factor model p-value the

additional of the HLDiff factor improves the single-factor model significantly more

than the addition of the additional 4 factors of the five-factor model. Even though

the null hypothesis is rejected, the addition of the HLDiff factor appears to represent

a substantive improvement over the single-factor model alone. The reduction in the

average alpha by over 38% further demonstrates the improvement in the explanatory

ability of the model after adding HLDiff. In contrast, the addition of the size, value,

investment, and profitability factors only improve the absolute average alpha by 27%.

Moving to the five-factor model with HLDiff, 9 of the 12 anomalies decrease in

absolute magnitude with 10 anomalies decreasing in terms of statistical significance.

However, only distress is insignificant after the inclusion of the HLDiff factor. The

average alpha after the inclusion of HLDiff is 0.39% or a 27% decrease from the five-

factor model excluding the HLDiff factor. The average t-statistic also decreases to

2.70. The GRS test statistic is 3.95. In this instance, four of the anomalies no longer

exceed the Harvey, Liu, and Zhu (2015) t-statistic benchmark: gross profitability,

return on assets, momentum, and idiosyncratic volatility. Again, the improvement

in the GRS test statistic indicates that the inclusion of the HLDiff factor improves

the five-factor model’s ability to explain the observed pricing errors for the anomalies

considered here. In this instance, the p-value improves by three orders of magnitude

from 6.0331× 10-9 to 7.9363× 10-6.

I have also considered the anomaly alphas for each sub-period(1965-1982, 1983-

2000, and 2001-2016). In all sub-periods, HLDiff similarly improves the explanatory

power of both the single and five-factor models. In the latest time period (2001-2016),

five of the considered anomalies are insignificant after the addition of HLDiff to the

single-factor model and the GRS test statistic unable to reject the null hypothesis at

the 10% level. All of this again is indicative of the fact that the inclusion of HLDiff

improves the ability of these models to explain the returns associated with this subset

of anomalies.
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The inclusion of an HLDiff improves the single-factor and five-factor model’s abil-

ity to explain the returns generated by these 12 anomalies. I have also considered the

Carhart (1997) four-factor model and Fama-French three-factor models and find sim-

ilar results. As these anomalies are used by Stambaugh and Yuan (2016), I have not

included the M-4 in the results here. However, the inclusion of HLDiff in this model

improves the model’s pricing ability. In fact, over the period considered, idiosyncratic

volatility presents a statistically significant alpha under the M-4 model, but the alpha

is insignificant after the inclusion of the HLDiff factor. I have provided a more direct

comparison of the HLDiff model and the M-4 model relying on anomaly returns not

used in the creation of either factor model in the next section.

4.2 Comparing HLDiff with Other Factor Models

One interesting question to consider is: To what extent can HLDiff price the

factors in other models or vice versa? To this end, I have included the M-4 model

of Stambaugh and Yuan (2016) as a benchmark for comparison along with the five-

factor model as a way to distinguish HLDiff from existing factor models. I present

the alphas for the following regression in Table B.13:

FPi,t = αi +
N∑

j=1
βi,j × Fj,t + ui,t, (4.3)

where FPi,t is the factor premium for a given factor and Fj,t are the factors for the

competing model. By way of an example, if HML is the dependent variable and the

competing model is the mispricing model (M-4), the independent variables would be

the market risk premium, size2, management, and performance mispricing factors.

All models include the market risk premium as an independent variable. Panel B

of Table B.13 reports the GRS test statistic and corresponding p-values. In this
2Stambaugh and Yuan (2016) calculates a unique size factor which is used as appropriate in these
regressions.
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instance, the GRS statistic is testing if the alphas for the alternative models’ factors

are jointly equal to zero.

Results across the various considered models are reported in Table B.13 for com-

pleteness. However, I limit my discussion here to those results related to HLDiff. For

the five-factor model, SMB, HML, RMW, and CMA have mixed significance with

HML, SMB and CMA alphas being positive and significant. On the other hand,

RMW is insignificant with t-statistics of 1.35. Interestingly, this contrasts with the

size factor of the M-4 model which was specifically constructed to avoid including

mispriced stocks. The HLDiff both in terms of significance and magnitude the alpha

for the M-4 size factor is larger than the Fama-French size factor. To the extent that

HLDiff is consistent with mispricing, this could be interpreted as the improvement

in pricing the Fama-French size factor by HLDiff stems from the fact that mispriced

stocks are included in the factor construction. As for the M-4 model, none of the mis-

pricing factors are priced by the HLDiff factor. HLDiff appears to do a better job

of explaining the performance factor which includes the anomalies that the HLDiff

model was able price in the Table B.12. The bottom of Panel A presents the alpha

earned by the HLDiff factor in the five-factor and M-4 models. The alpha on HLDiff

remains highly statistically significant under both models. The results in Panel B

confirm these results. The HLDiff model is unable to price the factors for neither of

the competing models. Similarly, both the five-factor and M-4 models fall short of

pricing the HLDiff factor with GRS test statistics of 54.23 (p-value 5.8298x10-13) and

30.73 (p-value 4.4074x10-8), respectively. Each of these results further demonstrate

the fact that the HLDiff factor is separate and distinct from the factors of the five-

factor model and M-4 model. In addition, many of these results are also indicative of

the relationship between HLDiff and mispricing.

It is difficult to directly compare the M-4 model with the two-factor model in-

cluding HLDiff by looking at the anomalies used in the construction of the factors

of either model. This is due to the fact that one model would have a relative ad-

vantage in explaining the returns associated with the anomaly or anomalies used
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in factor construction. As an additional test, I have compared the M-4 model and

two-factor model using seven additional anomalies not used in the creation of ei-

ther factor. These anomalies include idiosyncratic volatility(Ang, Hodrick, Xing, and

Zhang (2006)), short term reversal (Jegadeesh (1990)), illiquidity (Amihud (2002)),

book-to-market (Fama and French (1993)), long-term reversal (Bondt and Thaler

(1985)), and price convexity (Gulen and Woeppel (2018)). Given these anomalies,

the M-4 model is unable to reject the null of the GRS test at the 1% level (p-value:

0.0016). However, the two-factor model including HLDiff and the market risk pre-

mium is only able to reject the null at a 5% level (p-value: 0.019). This provides some

evidence that HLDiff may be more effective at pricing errors for anomalies than the

M-4 model when considering anomalies beyond those used in the construction of the

respective factors.

The HLDiff factor is not priced by either the five-factor or the M-4 model. How-

ever, the HLDiff model appears to price the performance mispricing factor. All of

these results indicate that HLDiff may in some way capture a degree of mispricing.

This is further supported by the ability of the HLDiff model to explain a variety of

anomalies which are, at least in part, driven by mispricing as shown by Stambaugh

and Yuan (2016).
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5. ROBUSTNESS

I conduct several checks on the robustness of the results presented in the preceding

sections. The first tests help verify that the return and risk-adjusted returns asso-

ciated with HLDiff are not simply momentum or idiosyncratic volatility calculated

in another way. I have also implemented a test to verify that HLDiff factor is not

an artifact of omitted factors or measurement error. This testing is consistent with

the methodology suggested by Giglio and Xiu (2018). Finally, I adopt two separate

approaches to address any market microstructure noise issues. One adjustment is to

replace the closing price returns with returns calculated from the bid-ask midpoint at

the close. Using the adjusted returns, I reform portfolios and obtain updated results

for the Fama-MacBeth regressions. The second procedure relies on a weighted-least

squares regression approach suggested by Asparouhova, Bessembinder, and Kalcheva

(2010). I utilize the weighted-least squares method and re-run my Fama-MacBeth re-

gressions. For all robustness tests, HLDiff remains a positive and significant predictor

of subsequent period returns.

5.1 Double-Sorted Portfolios

To further distinguish the raw return and risk-adjusted return results associated

with HLDiff from other prominent anomalies, I present double-sorted portfolio results

for Idiosyncratic Volatility and HLDiff and Momentum and HLDiff.

5.1.1 Idiosyncratic Volatility

Table B.14 presents the raw returns and five-factor alphas for portfolios formed

based on Idiosyncratic Volatility and HLDiff. Quintile portfolios are first formed
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based on Idiosyncratic Volatility. Idiosyncratic Volatility is calculated as the stan-

dard deviation of the daily return residual from a Fama-French Three-Factor model

in a given month. This is consistent with Ang, Hodrick, Xing, and Zhang (2006).

Each of these portfolios are then sorted into quintiles based on HLDiff. Panel A of

Table B.14 presents the raw return for the resulting 25 portfolios along with long-

short portfolios and their associated t-statistics. Panel B of Table B.14 presents the

five-factor alphas for these portfolio along with the long-short portfolio alphas and

their associated t-statistics. Irrespective of the Idiosyncratic Volatility quintile, the

HLDiff long-short portfolios have positive and significant return differentials, both

in terms of raw returns and risk-adjusted alphas. Stated differently, for a group of

firms with similar levels of idiosyncratic volatility variation in HLDiff appears to still

present both economically and statistically meaningful differences in returns. How-

ever, for Idiosyncratic Volatility only the first three quintiles present negative and

significant raw and risk-adjusted returns. The remaining long-short portfolios are

statistically insignificant both in terms of raw and risk-adjusted returns. If the return

differentials presented in Section 3 were the result of Idiosyncratic Volatility, I would

expect the long-short portfolios with similar levels of idiosyncratic volatility would

have insignificant return differentials and alphas. However, the return differentials are

positive and significant for HLDiff for firms with similar levels of idiosyncratic volatil-

ity. Therefore, it is unlikely that HLDiff is simply an alternative way of calculating

idiosyncratic volatility.

5.1.2 Momentum

As with Idiosyncratic Volatility above, Table B.15 presents the raw returns and

five-factor alphas for portfolios formed based on Momentum and HLDiff. Quintile

portfolios are first formed based on Momentum using the 11-1-1 strategy consistent

with Jegadeesh and Titman (1993) Each of these portfolios are then sorted into quin-

tiles based on HLDiff. Panel A of Table B.15 presents the raw return for the resulting
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25 portfolios along with long-short portfolios and their associate t-statistics. Panel B

of Table B.15 presents the five-factor alphas for these portfolio along with the long-

short portfolio alphas and their associated t-statistics. Irrespective of the Momentum

quintile, the HLDiff long-short portfolios have positive and significant return differ-

entials, both in terms of raw returns and alphas. State differently, for a group of

firms with similar magnitudes of prior returns the variation in HLDiff appears to still

present both economically and statistically meaningful differences in returns. For Mo-

mentum all portfolios present positive and significant raw and risk-adjusted returns.

If the return differentials presented in Section 3 were the result of Momentum, I would

expect the long-short portfolios with similar levels of momentum would have insignif-

icant return differentials and alphas. However, the return differentials are positive

and significant for HLDiff for firms with similar levels of momentum. Therefore, it is

unlikely that the return differentials are simply an alternative measure of momentum.

5.2 Omitted Factor Testing

With the proliferation of various factors, it is difficult to assess if any particular

factor is genuinely informative or if the ability to explain returns is spurious. One

potential problem faced by researchers is the omitted variable bias. Giglio and Xiu

(2018) note that ”...omitted variable bias arises in standard risk premia estimates

whenever the model used in the estimation does not fully account for all priced sources

of risk.” To address this problem, Giglio and Xiu (2018) propose a multi-step process.

I leave a full explanation of the methodology to their paper. A brief description of

the procedure follows: The first stage is to extract the principal components of a

large panel of test assets to obtain the factor space. Next, cross-sectional regressions

are run using the principal components excluding the factor of interest on the excess

return for the test assets to obtain the factor premium. The third step regresses

the time-series of the factor of interest on the principal components. The final step

is to estimate the risk premium of the factor as the product of the loadings of the
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factor of interest (obtained in the third step) on the principal components and the

associated risk premium estimated in the second step. The researchers note that this

methodology guarantees that the estimate of the risk premium will be consistent. I

implement this three step procedure based on the code available at Dacheng Xiu’s

website1.

This test provides a solution to the problem of model selection by allowing the

returns to a large group of test assets to identify the common components driving

returns. This result also ensures that the premium associated with HLDiff is not

simply an artifact of the benchmark model selected for testing. Table B.16 presents

the results from the omitted factor testing. For this analysis, four, five, and six

principal components have been extracted from the returns related to 202 separate

portfolios. In addition to the factor premium estimate for HLDiff, the factor premiums

for the five-factor model and the Pastor and Stambaugh (2003) aggregate liquidity

factor are also reported in B.16. Next to each factor premium estimate, I have also

reported a t-stat and a signal-to-noise ratio (R2
g) also suggested by Giglio and Xiu

(2018). The signal-to-noise ratio approximates how well the factor is estimated. A

higher value indicates that factor is estimated with relatively little noise.

The factor premium and significance for the factors of the five-factor model and

Pastor and Stambaugh (2003) aggregate liquidity are consistent with the findings of

Giglio and Xiu (2018). The premium estimate for HLDiff factor with four principal

components is positive and significant. The magnitude of the HLDiff factor premium

is within 0.05% of the premiums associated with SMB, HML, CMA, and RMW. On

the other hand, in terms of significance the HLDiff factor is the most significant of all

considered factors. HLDiff is significant at the 1% level. These results are consistent

across both five and six principal components as well. The final measure is the signal-

to-noise ratio (R2
g). HLDiff’s signal-to-noise measure is 0.1919 which is only better

than the Pastor and Stambaugh (2003) aggregate liquidity factor. This indicates that
1http://dachxiu.chicagobooth.edu/

http://dachxiu.chicagobooth.edu/
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the measure of HLDiff is measured with a degree of error, but not entirely without

some amount of meaningful information.

All of the above are indicative of the fact that HLDiff appears to have a positive

and significant premium, and this premium is not simply an artifact of the model

selected or a narrow selection of assets for testing. The HLDiff premium also com-

pares favorably in terms of magnitude and significance to all other factors considered

in Table B.16.

5.3 Market Microstructure Noise Corrections

One potential concern is the presence of market microstructure noise in the mea-

surement of HLDiff and in return calculations. A variety of researchers have doc-

umented the impact of microstructure noise such as Blume and Stambaugh (1983)

and Asparouhova, Bessembinder, and Kalcheva (2010). In fact, the latter documents

the fact that microstructure noise can be present even at a monthly level. Market

microstructure noise is often attributed to issues associated with non-trading, bid-ask

bounce or non-synchronous trading. It is worth noting, that in constructing HLDiff

the issue of non-trading is largely mitigated. For a firm that has not traded, the

quoted return will be based on the midpoint between the bid and ask for the day

which will also be the associated low and high, respectively, for the day. In this

instance, the value of the daily difference will be zero. Thus these firms will not be

in extreme portfolios or have relatively low values of HLDiff relative to other firms.

For the issue of bid-ask bounce, HLDiff will also be zero. A firm that is bouncing

between the bid and ask prices will have daily differences that net to zero over any

period where the prices are ’bouncing’. Thus the accumulation of HLDiff over the

preceding month largely avoids the issue of bid-ask bounce. I also find that the results

are robust to controlling for the number of trading days in the prior month as well

as a variety of liquidity measures. As a final robustness, I find my results persist for

a variety of dollar cut offs as well as eliminating the lowest 5% of firms by market
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capitalization. However, I have conducted additional tests to verify that the results

are not simply a manifestation of market microstructure noise.

The first test reflects both the portfolio and Fama-MacBeth results based on ad-

justing all returns to be based on the bid-ask midpoint at the close. The use of the

bid-ask midpoint is also an attempt to control for market microstructure noise as dis-

cussed by Blume and Stambaugh (1983). In particular, Blume and Stambaugh (1983)

document that using the quoted closing prices could result in a an upward bias in

the calculated returns and basing returns on the bid-ask midpoint at the close helps

to mitigate the possibility that the effect is simply the result of any upwardly biased

return calculation. To that end, the use of the bid-ask midpoint should effectively

control for a degree of microstructure noise while not completely eliminating it as

discussed by Fisher, Weaver, and Webb (2010). In addition to the bid-ask midpoint

at the close, I also employ a weighted least squares regression as a way to address the

microstructure noise problem. This approach is suggested by Asparouhova, Bessem-

binder, and Kalcheva (2010) and weights according to the prior period return plus

1.

5.3.1 Bid-Ask Midpoint at the Close

Table B.17 Panel A and Panel B report the raw returns and five-factor alphas,

respectively, for portfolios formed on the basis of HLDiff where all returns are cal-

culated from the bid-ask midpoint at the close. The time period for these tests are

restricted to 1993-2016 due to the fact that bid-ask at the close is not available for

all securities prior to 1993. All common stocks listed on the NYSE, AMEX, and

NASDAQ with a price greater than $1 are including for the purposes of these tests.

Three size sub-groups and two sub-periods are also reported. I have limited the anal-

ysis to value-weighted returns for the sake of brevity. Inferences are unchanged after

transitioning to bid-ask midpoint at the close returns. The raw return and five-factor

alpha is positive and significant with bid-ask midpoint at the close returns actually
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having a slightly higher raw return and five-factor alpha. The spread portfolio earns

a 1.58% monthly return on average and a 1.55% monthly alpha with t-stats of 5.45

and 4.48 respectively. Both of these results are both economically and statistically

significant. The annualized portfolio return is approximately 20.7%. While the t-stat

associated with the five-factor alpha exceed the 3.00 t-stat threshold suggested by

Harvey, Liu, and Zhu (2015).

Across size sub-groups these results are consistent with the results presented in

Section 3. With the spread portfolio returns and five-factor alphas positive and sig-

nificant across size sub-groups. The trend is also preserved with the largest returns

in terms of magnitude and significance present for the small size sub-group. Econom-

ically, the results for all sub-groups remain meaningful with the lowest annualized re-

turn being 14.16% for the large sub-group. Unsurprisingly, the largest change in terms

of the magnitude of both raw returns and alpha is in the small size sub-group when

compared to the Section 3 results. This is expected since small firm returns are most

likely to be impacted by market microstucture noise issues such as non-synchronous

trading or non-trading. However, the raw return and alpha for this small sub-group

remains positive and statistically significant even over the abbreviated sample period

(1993-2016).

In addition to the size sub-groups, I subdivide the period from 1993-2016 into

two separate periods from 1993-2004 and 2005-2016. HLDiff remains a positive and

significant predictor of future returns across both sub-periods. HLDiff is stronger in

the earlier period but remains positive and significant in the later periods as well.

Raw returns and five-factor alphas persist adjusting returns are adjusted to be based

on the bid-ask midpoint at the close.

I have also run Fama-MacBeth regressions based on the returns to the bid-ask

midpoint at the close price. The results of these regressions are in Table B.18. As

with the portfolio tests, the sample period is limited to 1993-2016 to ensure the bid-ask

midpoint at the close is available for all securities throughout the testing period. The

relationship between HLDiff and next months returns are positive and significant,
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in line with the results in Section 3. Here the returns are effectively equal-weighted.

That is to say smaller firms are treated equally to larger firms in these regressions.

Since market microstructure noise is more likely to have an impact on small firms, it

is to be expected that the results attenuate more than the portfolio results presented

above. The coefficient on HLDiff is 0.1341 with an t-stat of 9.40 for the full time

period. This is in contrast to the coefficient for the closing price returns result of

0.2127 and a t-stat of 23.28. As in the Section 3 Fama-MacBeth regressions, HLDiff

presents the largest t-stat of all coefficients included in the regression. To further

address any concern about size, I have subdivided the sample into three size groups.

Each size group has a positive and significant coefficient on the HLDiff variable.

Consistent with earlier findings the result is strongest for the small group, but the

result is not isolated to the small firms alone.

All of these results are strongly indicative of the fact that the predictive power

of HLDiff does not simply manifest as a result of market microstructure noise. This

approach is commonly adopted to address issues with market microstructure noise,

but it is not necessarily a panacea. In the following section, I detail an alternative

approach using a weighted least squares regression.

5.3.2 Asparouhova et al. (2010) Weighted Least Squares

To this point, the use of the bid-ask midpoint at the close has been predicated on

the fact that the midpoint fairly reflects the efficient value of a firm. There are some

theoretical reasons to believe that this may not always be true. In particular, Ho and

Stoll (1980) develop a model in which liquidity providers may move quote midpoints

in order to manage their security inventories. More recently, Fisher, Weaver, and

Webb (2010) show that quote midpoints may be prevented from revealing efficient

values. While the use of the midpoint may reduce microstructure bias, it cannot fully

eliminate it. Asparouhova, Bessembinder, and Kalcheva (2010) note that ’the biases

attributable to microstructure noise in prices can be effectively eliminated by a simple



42

methodological correction where return premiums are estimated by a weighted least

squares regressions that rely on individual security returns as the dependent variable,

and that use the prior-period gross (one-plus) return as the weighting variable.’ In

addition, they note that microstructure noise (upward bias) in returns is largely

attributable to illiquid stocks. Accordingly, I have adjusted my Fama-MacBeth cross-

sectional regressions to weight according to the prior period return plus 1 (gross

return) and dropped the least liquid firms from the sample.

As the returns in these regressions are effectively equal weighted, this allows for

a consistent estimation of the coefficients. The results obtained from these weighted

regressions are reflected on Table B.19 and are qualitatively similar to those presented

in Section 3. I present four sets of results the first drops no firms the remaining

three are after dropping the top 5%, 10%, and 25% most illiquid firms, respectively.

Illiquidity is measured as:

ILLIQi,m = 1
Di,m

Di,m∑
t=1

|Ri,m,d|
V OLDi,m,d

, (5.1)

following Amihud (2002), where Di,m is the number of days where data is available

for security i in month m, Ri,m,d is the return to stock i on day d of month m, and

V OLDi,m,d is the dollar trading volume on day d in month m for firm i. Before

dropping any illiquid firms, the coefficient on HLDiff is 0.2067 with an associated

t-stat of 22.78. The lowest coefficient is 0.1671 with a t-stat of 15.16 after dropping

the 25% most illiquid stocks. The magnitude increases as more illiquid firms are

included, but given these results it seems unlikely that the result is only associated

with illiquid firms. To the extent that movements in the high and low prices are

informative and not reflected in the closing price, a less liquid firm may take longer

to incorporate this information. So this result and the diminishing magnitude and

significance of the HLDiff coefficient is not entirely unexpected.

This weighted-least squares methodology is specifically suggested as a remedy

to market microstructure noise problems. Even after adopting this methodology,

HLDiff remains positive and significantly related to next months returns. Given these
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results combined with the bid-ask midpoint at the close results, it seems unlikely that

the HLDiff relationship is simply an artifact of market microstructure noise. While

this weighting methodology is specifically recommended for cross-sectional regressions

of returns on firm variables, I also verify my portfolio results using this weighting

convention and my inferences remain unchanged.
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6. CONCLUSION

The preceding results demonstrate the substantial predictive power of price move-

ments which are not reflected in the closing price. From 1965 to 2016, firms for which

the high and low prices shifted up significantly more than the closing price earn subse-

quent value-weighted monthly returns of 1.15% on average. Firms for which the high

and low prices shifted down significantly more than the closing price earn subsequent

value-weighted monthly returns of -0.36% on average. The spread of 1.52% between

these two portfolios is both economically and statistically significant. This result is

strongest for small firms where the spread portfolio earns 2.77% per month on aver-

age. However, the result remains economically and statistically significant for large

firms which earn 1.14% per month on average. The construction of HLDiff makes it

unlikely that the relationship between HLDiff and subsequent returns is an artifact

of market microstructure noise (i.e. bid-ask bounce or non-trading). However, the

results are also robust to a variety of adjustments intended to address market mi-

crostructure biases that may exist in returns. This includes the utilization of bid-ask

midpoints at the close as well as a weighted least squares regression. I also find that

this effect remains strong in Fama-MacBeth regressions after including a variety of

control variables. The coefficient on HLDiff exceeds, in terms of statistical signif-

icance, all other variables in the Fama-MacBeth regressions. These other variables

include measures of size, book-to-market, reversal, return volatility, and momentum,

among others.

The underlying mechanism driving the return predictability is most consistent

with market frictions inhibit the correction of overpricing. Consistent with Miller

(1977), Stambaugh, Yu, and Yuan (2012), and Stambaugh and Yuan (2016), the pre-

mium associated with the HLDiff factor is positively and significantly associated with

the Baker and Wurgler (2006) sentiment index. In particular, the subset of firms that
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are most overpriced appear to present a significant relationship with lagged sentiment,

while the long leg has no discernible association with lagged sentiment. These find-

ings are consistent with mispricing and in particular, short-selling constraints limited

the ability of investors to respond to observed overpricing.

Motivated by the above findings and the intuition of Hirshleifer and Jiang (2010),

Stambaugh, Yu, and Yuan (2012), Stambaugh and Yuan (2016), and Kozak, Nagel,

and Santosh (2018), I construct a mispricing factor based on HLDiff and evaluate its

ability to explain the pricing errors of 12 well-known anomalies. Of the 12 anomalies

considered, a two-factor model including the market risk premium and a factor created

based on the HLDiff variable reduces the magnitude and significance of all but one

of the anomalies. Further, three of the anomalies are statistically insignificant after

adding the HLDiff factor to the single-factor CAPM. In addition, the mispricing

factors suggested by Stambaugh and Yuan (2016) as well as the five-factor model of

Fama and French (2016) are unable to price the HLDiff factor. I also employ the

three-pass methodology of Giglio and Xiu (2018) and find that it is unlikely that my

factor is the result of bias induced by omitted variables or measurement error.

The findings are also consistent with research connecting mispricing that arises

from market frictions (Lamont and Thaler (2003) and Stambaugh, Yu, and Yuan

(2012)) and seem to augment existing factor models by incorporating a factor to

account for mispricing similar to Stambaugh and Yuan (2016). These findings indicate

that a variety of financial metrics could be improved by incorporating additional

prices. Examining possible ways to incorporate other prices into financial metrics

and return calculations is an interesting area for further research.
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A. FIGURES

Figure A.1. The above figure is a simplified example of a shift in the high and
low price that is not mirrored by a shift in the closing price. The closing price
for each day is represented by the X on each respective day. The high and low
prices are the horizontal lines for each day. The dotted line represents the return
from the high and low midpoint moving from Day 1 to Day 2, while the solid
line represents the close to close return. In the above example, the return to the
high-low midpoint would be 66.67% ((12.5-7.5)/7.5). The close to close return,
on the other hand, would be 0%. This would result in a difference of 66.67% for
the purposes of calculating the variable of interest, HLDiff.
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Figure A.2. The above chart presents the stock prices for MYOK from
12/23/2015 through 12/31/2015 to illustrate the calculation of HLDiff. This
chart presents the high, low, and close prices for each of the corresponding days.
Below the chart are the actual prices observed for the day, along with a simple
return calculation for the high-low midpoint as well as the close to close return.
The difference between these returns is also provided as well as the value of the
accumulated difference over the time period presented.
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Table B.2.: HLDiff Decile Returns: This table presents the average monthly value-weighted raw returns from January 1965

to December 2016 for portfolios formed based on HLDiff. HLDiff. Portfolios are formed every month from stocks listed on

the NYSE, NASDAQ, and AMEX exchanges with prices in excess of $1. Panel A presents the equal-weighted returns for

all firms as well as the three size subgroups and three sub-periods (1965-1982, 1983-2001, and 2002-2016). Panel B presents

the value-weighted for all firms as well as the three size subgroups and sub-periods. Decile 1 represents the firms with the

lowest value of HLDiff, and decile 10 represents the firms with the highest value of HLDiff. The spread portfolio returns are

also presented, where the spread portfolio is formed by subtracting the return to decile 1 from the return to decile 10. The

t-statistics reported are for the spread portfolio return. All values, excluding the t-statistic, are in decimal form where 0.01

is 1%.

Panel A

Equal Weighted Portfolios

1 (Low) 2 3 4 5 6 7 8 9 10(High) 10-1 t-Stat

All Firms -0.0048 0.0038 0.0042 0.0055 0.0067 0.0069 0.0082 0.0102 0.0116 0.0161 0.0209 21.41

Small -0.0088 0.0013 0.0068 0.0071 0.0075 0.0064 0.0088 0.0113 0.0162 0.0212 0.0300 22.20

Medium -0.0056 0.0041 0.0039 0.0057 0.0072 0.0075 0.0086 0.0091 0.0111 0.0135 0.0191 15.60

Large -0.0008 0.0029 0.0045 0.0055 0.0061 0.0069 0.0072 0.0083 0.0103 0.0113 0.0123 10.56
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Table B.2. (cont.)

Sub-periods

1965-1982 0.0010 0.0045 0.0031 0.0063 0.0074 0.0053 0.0084 0.0101 0.0101 0.0159 0.0149 11.64

1983-2000 -0.0100 0.0028 0.0046 0.0042 0.0050 0.0048 0.0060 0.0101 0.012597 0.0184 0.0285 18.49

2001-2016 -0.0026 0.0060 0.0061 0.0065 0.0084 0.0011 0.0010 0.0011 0.0122 0.0149 0.0175 8.54

Panel B

Value Weighted Portfolios

1 (Low) 2 3 4 5 6 7 8 9 10(High) 10-1 t-Stat

All Firms -0.0036 0.0003 0.0030 0.0038 0.0044 0.0056 0.0063 0.0077 0.0083 0.0115 0.0152 9.69

Small -0.0098 0.0007 0.0053 0.0061 0.0070 0.0059 0.0083 0.0105 0.0140 0.0179 0.0277 19.62

Medium -0.0047 0.0044 0.0040 0.0058 0.0068 0.0072 0.0088 0.0087 0.0111 0.0132 0.0178 14.08

Large -0.0016 0.0011 0.0035 0.0039 0.0040 0.0051 0.0058 0.0079 0.0079 0.0097 0.0114 8.26

Sub-periods

1965-1982 0.0001 -0.0005 -0.0008 0.0006 0.0020 0.0040 0.0042 0.0026 0.0040 0.0078 0.0077 4.38

1983-2000 -0.0066 0.0012 0.0068 0.0063 0.0074 0.0081 0.0091 0.0139 0.0131 0.0158 0.0224 7.75

2001-2016 -0.0044 0.0003 0.0030 0.0045 0.0036 0.0045 0.0054 0.0063 0.0076 0.0106 0.0155 4.69
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Table B.3.: HLDiff Five-Factor Alphas: This table presents the average monthly value-weighted five-factor alphas from

January 1965 to December 2016 for portfolios formed based on the prior month’s value of HLDiff. HLDiff is the accumulated

monthly difference between the return to the high-low midpoint price and the closing price return on a given day. Portfolios

are formed every month from stocks listed on the NYSE, NASDAQ, and AMEX exchanges with prices in excess of $1.

Panel A presents the results for equal-weighted portfolios for all firms as well as the three size subgroups and sub-periods

(1965-1982, 1983-2001, and 2001-2016). Panel B presents the results based value-weighted portfolios for all firms as well

as the three size subgroups and sub-periods. Decile 1 represents the firms with the lowest value of HLDiff, and decile 10

represents the firms with the highest value of HLDiff. A spread portfolio alpha is also reported. The spread portfolio

is formed by subtracting the decile 1 five-factor alpha from the decile 10 five-factor alpha. The t-statistics reported are

for the spread portfolio. All values, excluding the t-statistic, are in decimal form where 0.01 is 1%. All t-statistics are

heteroscedasticity-consistent following White (1980).

Panel A

Equal Weighted Portfolios

1 2 3 4 5 6 7 8 9 10 10-1 t-Stat

All Firms -0.0110 -0.0027 -0.0028 -0.0017 -0.0003 0.0000 0.0007 0.0029 0.0049 0.0095 0.0179 19.38

Small -0.0157 -0.0057 -0.0002 0.0000 0.0016 -0.0005 0.0016 0.0041 0.0089 0.0140 0.0297 20.38

Medium -0.0126 -0.0033 -0.0041 -0.0021 -0.0001 0.0003 0.0008 0.0014 0.0034 0.0065 0.0191 14.33

Large -0.0056 -0.0031 -0.0019 -0.0010 -0.0006 0.0000 0.0005 0.0016 0.0042 0.0059 0.0115 9.07
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Table B.3. (cont.)

Sub-periods

1965-1982 -0.0083 -0.0020 -0.0034 -0.0011 0.0008 -0.0006 0.0016 0.0025 0.0030 0.0060 0.0144 11.42

1983-2000 -0.0165 -0.0050 -0.0039 -0.0035 -0.0019 -0.0019 -0.0019 0.0022 0.0050 0.0133 0.0298 17.64

2001-2016 -0.0070 0.0002 -0.0001 0.0003 0.0012 0.0041 0.0035 0.0047 0.0061 0.0103 0.0173 8.16

Panel B

Value Weighted Portfolios

All Firms -0.0074 -0.0039 -0.0026 -0.0019 -0.0014 -0.0005 0.0009 0.0029 0.0040 0.0072 0.0146 7.78

Small -0.0167 -0.0068 -0.0021 -0.0015 0.0004 -0.0013 0.0006 0.0028 0.0066 0.0106 0.0273 17.77

Medium -0.0114 -0.0028 -0.0039 -0.0019 -0.0002 0.0000 0.0011 0.0011 0.0036 0.0063 0.0177 12.73

Large -0.0048 -0.0034 -0.0015 -0.0014 -0.0013 -0.0003 0.0001 0.0032 0.0037 0.0056 0.0104 6.77

Sub-periods

1965-1982 -0.0035 -0.0022 -0.0034 -0.0019 -0.0017 0.0007 0.0019 0.0005 0.0024 0.0046 0.0081 4.16

1983-2000 -0.0108 -0.0061 -0.0027 -0.0029 -0.0025 -0.0008 0.0000 0.0066 0.0059 0.0107 0.0215 5.70

2001-2016 -0.0085 -0.0036 -0.0013 -0.0002 -0.0004 -0.0010 0.0009 0.0021 0.0030 0.0059 0.0144 4.03
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Table B.6.
Decomposition of HLDiff

This table presents the Fama-MacBeth results after constructing HLDiff using only
the high or low price from a given day. Monthly stock returns are regressed on
HLDiff along with lagged accounting and return control variables. The sample
extends from January 1965 through December 2016 and includes all stocks listed
on the NYSE, NASDAQ, and AMEX exchanges with a stock price greater than $1.
Control variables include returns from month t-1, buy and hold returns from month
t-2 to t-7, a proxy for bid-ask spread as proposed by Abdi and Ranaldo (2017),
monthly turnover calculated as monthly volume divided by shares outstanding
(lmto), daily return volatility which is the standard deviation of daily returns over
the preceding month (lvol), size which is log market capitalization at the end of
the prior month(size), and book-to-market which is the log of the book value of
equity divided by the prior month’s market capitalization (lbm), and a measure
of daily range volatility (rv) as in equation 2.5. Beta estimates are time-series
averages of cross-sectional regression betas obtained from monthly cross-sectional
regressions. All t-statistics have been Newey-West (1987) adjusted for 4 lags to
address autocorrelation in coefficient estimates.

CRSP Close Returns Low Price High Price

Low Price t-stat High Price t-stat
Intercept 0.0180 3.76 0.0109 2.72
HL Diff 0.1062 20.72 0.1201 18.28
Ret(m-1) -0.0286 -7.36 -0.0266 -7.02
Ret(m-7,m-2) 0.0091 5.77 0.0093 5.88
lspread -0.0185 -0.42 -0.0303 -0.68
lmto 0.0000 0.83 0.0000 0.92
lvol -0.2498 -8.71 -0.2657 -9.17
size -0.0001 -0.31 -0.0002 -0.50
lbm 0.0039 5.97 0.0384 5.97
rv -0.0083 -5.06 -0.0083 -5.05



62

Table B.7.
Value-weighted Weekly Portfolio Results

This table presents the weekly buy-and-hold value-weighted raw returns and five-
factor alphas for an arbitrage portfolio formed on the basis of HLDiff. The long
leg of the portfolio is comprised of the decile of firms with the highest values of
HLDiff, while the short leg is comprised of the decile firms with the lowest values
of HLDiff. The sample extends from 1965 to 2016. All common stock traded on
the NYSE, NASDAQ and AMEX with a share price greater than $1 are included
for the sake of portfolio formation. Portfolios are held for up to 12 weeks with the
results for holding periods of 1, 2, 4, 6, 8, 10, and 12 weeks reported. Weekly returns
are calculated Wednesday to Wednesday. HLDiff is the daily return difference
from the Tuesday immediately preceding portfolio formation. All t-statistics are
heteroscedasticity-consistent following White (1980).

Holding Period Raw Return t-stat 5-Factor Alpha t-stat
1 week 0.0065 13.53 0.0066 13.60
2 weeks 0.0077 12.43 0.0078 11.97
4 weeks 0.0079 10.10 0.0079 9.50
6 weeks 0.0084 9.97 0.0077 8.94
8 weeks 0.0072 7.34 0.0068 6.69
10 weeks 0.0076 6.90 0.0071 6.44
12 weeks 0.0085 7.19 0.0079 6.43
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Table B.8.
Predicting Returns 1-week ahead

This table presents the results of a Fama-MacBeth regression of returns one week in
the future regressed on HLDiff and a variety of control variables. The sample
extends from January 1965 through December 2016 and includes all common stocks
listed on the NYSE, NASDAQ, and AMEX exchanges with a stock price greater
than $1. Weekly returns are calculated Wednesday to Wednesday. HLDiff is the
daily difference between high-low midpoint returns and closing price returns
accumulated over the preceding 20 trading days, which is regressed on the following
weekly return. Control variables include returns from month t-1, buy and hold
returns from month t-2 to t-7, a proxy for bid-ask spread as proposed by Abdi and
Ranaldo (2017), monthly turnover calculated as monthly volume divided by shares
outstanding (lmto), daily return volatility which is the standard deviation of daily
returns over the preceding month (lvol), size which is log market capitalization at
the end of the prior month(size), and book-to-market which is the log of the book
value of equity divided by the prior month’s market capitalization (lbm), and a
measure of daily range volatility (rv) as in equation 2.5. Beta estimates are
time-series averages of the cross-sectional betas obtained from monthly
cross-sectional regressions. All t-statistics have been Newey-West (1987) adjusted
for 4 lags to address autocorrelation in coefficient estimates.

Weekly Returns

Dependent Variable Reti,w+1 t-stat
Intercept 0.0015 1.26
HL Diff 0.1756 38.27
Ret(m-1) -0.0275 -20.78
Ret(m-7,m-2) 0.0038 8.62
lspread -0.0405 -3.47
lmto -0.0000 -0.07
lvol -0.0735 -10.92
size 0.0002 1.90
lbm 0.0010 6.33
rv -0.0108 -4.65



64

Table B.9.
Predicting Returns n-weeks ahead

This table presents the results of a Fama-MacBeth regression of returns n-weeks
ahead regressed on HLDiff and a variety of control variables. The sample extends
from January 1965 through December 2016 and includes all common stocks listed
on the NYSE, NASDAQ, and AMEX exchanges with a stock price greater than $1.
Weekly returns are calculated Wednesday to Wednesday. HLDiff is the daily
difference between high-low midpoint returns and closing price returns accumulated
over the preceding 20 trading days, which is regressed on the weekly return n-weeks
ahead. Control variables include returns from month t-1, buy and hold returns from
month t-2 to t-7, a proxy for bid-ask spread as proposed by Abdi and Ranaldo
(2017), monthly turnover calculated as monthly volume divided by shares
outstanding (lmto), daily return volatility which is the standard deviation of daily
returns over the preceding month (lvol), size which is log market capitalization at
the end of the prior month(size), and book-to-market which is the log of the book
value of equity divided by the prior month’s market capitalization (lbm), and a
measure of daily range volatility (rv) as in equation 2.5. Beta estimates are
time-series averages of the cross-sectional betas obtained from monthly
cross-sectional regressions and are only reported for HLDiff. All t-statistics have
been Newey-West (1987) adjusted for 4 lags to address autocorrelation in coefficient
estimates.

Weekly Returns

# of weeks ahead Reti,w+1 t-stat
1-week 0.1749 37.94
2-weeks 0.0136 6.00
4-weeks 0.0079 3.79
6-weeks 0.0051 2.57
8-weeks 0.0024 1.19
10-weeks 0.0003 0.14
12-weeks 0.0031 1.62
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Table B.11.
HLDiff and Investor Sentiment

The table presents the estimate of the coefficient from the regression of portfolio
returns on lagged sentiment. The portfolio returns are the excess return from the
long leg, short leg, and spread portfolio for the HLDiff factor. Investor sentiment
is the prior month’s Baker and Wurgler (2006) sentiment index. All t-statistics are
heteroscedasticity-consistent following White (1980). The sample period is from
January 1965 to December 2016.

Long Leg Short Leg Long-Short
b̂ t-Stat b̂ t-Stat b̂ t-Stat

Intercept 0.8055 4.19 0.0445 0.20 0.7610 7.61
HLDiff -0.2487 -1.17 -0.5013 -1.95 0.2525 2.13
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Table B.13.: Comparing the Ability of HLDiff to Explain the Factors of Other Models: On panel A of this table I present

the alpha (in decimal form) and associated t-statistic for each factor with respect to the other models/factors being con-

sidered. All t-statistics are heteroscedasticity-consistent adopting the approach suggested by White (1980). The considered

models are the five-factor model of Fama and French (2015) including the size(SMB), value(HML), profitability(RMW), and

investment(CMA) factors and the mispricing factor model(M-4) of Stambaugh and Yuan (2016) including an alternative

size (SMB) factor along with the management(MGMT) and performance(PERF) mispricing factors. The last item is the

model including HLDiff, which is comprised of the market risk premium and the HLDiff factor. Panel B presents the GRS

test results. This panel is testing if a given model produces zero alpha when used to explain the premium associated with

another model’s factors. P-values are reported along with the associated F-statistics. The sample period is from January

1965 to December 2016.

Panel A: Alphas and t-Statistics

Five-Factor Model M-4 Model HLDiff Factor

Alpha t-Statistic Alpha t-Statistic Alpha t-Statistic

Five-Factor Model Factors

SMB - - -0.0007 -1.58 0.0030 2.46

HML - - -0.0002 -0.28 0.0047 4.09

RMW - - 0.0008 0.95 0.0012 1.35

CMA - - -0.0007 -1.14 0.0036 4.23
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Table B.13. (cont.)

M-4 Factors

SMB 0.0017 4.43 - - 0.0044 3.84

MGMT 0.0035 5.92 - - 0.0066 6.27

PERF 0.0068 4.85 - - 0.0039 2.32

HLDiff 0.0072 6.98 0.0054 4.89 - -

Panel B: GRS F-Statistics and P-values

F-Statistic P-Value F-Statistic P-Value F-Statistic P-Value

SMB, HML, RMW, CMA - - 4.32 0.0019 9.15 3.5367× 10-7

SMB, MGMT, PERF 23.21 3.1197× 10-14 - - 26.43 4.4409× 10-16

HLDiff 54.23 5.8298× 10-13 30.73 4.4074× 10-8 - -
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Table B.14.
Double-Sorted Portfolios on HLDiff and Idiosyncratic Volatility

This table presents the average monthly value-weighted raw returns and five-factor
alphas from January 1965 to December 2016 for double-sorted portfolios. First,
firms are separated into quintiles based on Idiosyncratic Volatility. The firms in
each Idiosyncratic Volatility portfolio are then sorted into quintiles based on HLDiff.
Idiosyncratic Volatility is consistent with Ang, Hodrick, Xing, and Zhang (2006)
using the standard deviation of the daily return residuals from a Fama-French
Three-Factor model. HLDiff is calculated as described in the body of the paper.
Panel A presents the raw returns and associated long-short portfolios for both
Idiosyncratic volatility and HLDiff. Panel B presents the five-factor alphas for both
individual as well as long-short portfolios. t-statistics are presented for long-short
portfolios. All regression t-statistics are heteroscedasticity-consistent following White
(1980).
Panel A: Raw Returns

HLDiff Portfolios
Raw Returns

1 2 3 4 5 (5-1) t-stat

Idio.
Volatility
Portfolios

1 0.0062 0.0080 0.0096 0.0106 0.0125 0.0063 6.56
2 0.0059 0.0087 0.0090 0.0119 0.0145 0.0086 7.21
3 0.0053 0.0081 0.0116 0.0116 0.0149 0.0096 6.55
4 0.0006 0.0051 0.0092 0.0114 0.0152 0.0146 8.12
5 -0.0101 -0.0017 0.0008 0.0056 0.0095 0.0195 8.24

(5-1) -0.0163 -0.0097 -0.0088 -0.0051 -0.0031
t-stat -4.94 -3.17 -3.13 -1.82 -0.97

Panel B: Five-Factor Alphas

1 2 3 4 5 (5-1) t-stat

Idio.
Volatility
Portfolios

1 -0.0032 -0.0017 0.0001 0.0007 0.0031 0.0063 6.13
2 -0.0042 -0.0019 -0.0020 0.0017 0.0050 0.0091 7.07
3 -0.0028 -0.0012 0.0016 0.0016 0.0057 0.0084 5.15
4 -0.0076 -0.0030 -0.0059 0.0027 0.0064 0.0140 6.89
5 -0.0182 -0.0091 -0.0063 0.0009 0.0009 0.0191 7.40

(5-1) -0.0150 -0.0074 -0.0065 -0.0025 -0.0022
t-stat -6.62 -3.60 -3.52 -1.33 -1.08
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Table B.15.
Double-Sorted Portfolios on HLDiff and Momentum

This table presents the average monthly value-weighted raw returns and five-factor
alphas from January 1965 to December 2016 for double-sorted portfolios. First,
firms are separated into quintiles based on Momentum. The firms in each Mo-
mentum portfolio are then sorted into quintiles based on HLDiff. Momentum is
consistent with Jegadeesh and Titman (1993) using the 11-1-1 strategy. HLDiff is
calculated as described in the body of the paper. Panel A presents the raw returns
and associated long-short portfolios for both Momentum and HLDiff. Panel B
presents the five-factor alphas for both individual as well as long-short portfolios.
I report t-statistics for long-short portfolios only. All regression t-statistics are
heteroscedasticity-consistent following White (1980).

HLDiff Portfolios
Panel A: Raw Returns

1 2 3 4 5 (5-1) t-stat

Momentum
Portfolios

1 -0.0099 0.0003 0.0024 0.0064 0.0066 0.0166 7.27
2 0.0001 0.0064 0.0087 0.0100 0.0117 0.0116 7.00
3 0.0032 0.0064 0.0083 0.0108 0.0127 0.0095 7.47
4 0.0049 0.0088 0.0110 0.0114 0.0135 0.0086 6.77
5 0.0088 0.0095 0.0131 0.0165 0.0169 0.0082 4.97

(5-1) 0.0188 0.0093 0.0107 0.0101 0.0103
t-stat 5.87 3.27 4.14 3.83 3.47

Panel B: Five-Factor Alphas

1 2 3 4 5 (5-1) t-stat

Momentum
Portfolios

1 -0.0189 -0.0093 -0.0086 -0.0037 -0.0037 0.0152 6.16
2 -0.0102 -0.0031 -0.0020 -0.0002 0.0018 0.0120 6.56
3 -0.0066 -0.0041 -0.0019 0.0005 0.0025 0.0092 6.46
4 -0.0048 -0.0018 0.0004 0.0012 0.0029 0.0078 5.98
5 0.0010 0.0007 0.0035 0.0068 0.0080 0.0070 3.89

(5-1) 0.0199 0.0101 0.0121 0.0106 0.0117
t-stat 6.11 3.03 3.99 3.66 3.65
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Table B.17.: HLDiff Bid-Ask Midpoint Returns and Five-Factor Alphas: This table presents the average monthly value-

weighted raw returns from January 1993 to December 2016 for portfolios formed based on the prior month’s value of HLDiff.

Portfolios are formed every month from common stocks listed on the NYSE, NASDAQ, and AMEX exchanges with prices

in excess of $1. The sample period begins in 1993 as bid and ask prices at the close are not available for all securities in the

CRSP database prior to this date. Panel A presents the raw returns for the complete sample of firms, three size sub-groups,

and two sub-periods. Panel B presents the five-factor alphas for the complete sample of firms, three size sub-groups, and

two sub-periods. Decile 1 represents the firms with the lowest value of HLDiff, and decile 10 represents the firms with the

highest value of HLDiff. A spread portfolio is also reported. The spread portfolio is formed by subtracting the return to

decile 1 from the return to decile 10. The t-statistics reported are for the spread portfolio return. All values, excluding the

t-statistic, are in decile form where 0.01 is 1%. Alphas t-statistics are heteroscedasticity-consistent following White (1980).

Panel A

Raw Returns

1 (Low) 2 3 4 5 6 7 8 9 10(High) 10-1 t-Stat

All Firms -0.0042 0.0006 0.0044 0.0050 0.0051 0.0054 0.0074 0.0094 0.0079 0.0116 0.0158 5.45

Small -0.0073 0.0032 0.0062 0.0078 0.0064 0.0084 0.0094 0.0090 0.0104 0.0104 0.0178 6.80

Medium -0.0034 0.0051 0.0073 0.0074 0.0086 0.0081 0.0088 0.0099 0.0110 0.0105 0.0138 6.71

Large -0.0021 0.0033 0.0043 0.0062 0.0049 0.0055 0.0066 0.0094 0.0093 0.0090 0.0111 4.51
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Table B.17. (cont.)

Sub-periods

1993-2004 -0.0072 0.0000 0.0042 0.0048 0.0051 0.0068 0.0066 0.0110 0.0092 0.0127 0.0199 4.76

2005-2016 -0.0011 0.0011 0.0046 0.0052 0.0051 0.0039 0.0083 0.0078 0.0066 0.0105 0.0116 2.92

Panel B

Alphas

1 (Low) 2 3 4 5 6 7 8 9 10(High) 10-1 t-Stat

All Firms -0.0103 -0.0055 -0.0012 -0.0016 -0.0015 -0.0012 0.0012 0.0035 0.0018 0.0052 0.0155 4.48

Small -0.0124 -0.0027 0.0003 0.0011 0.0010 0.0025 0.0032 0.0032 0.0046 0.0041 0.0165 7.33

Medium -0.0093 -0.0022 -0.0005 -0.0009 0.0006 -0.0007 0.0008 0.0020 0.0040 0.0035 0.0128 5.95

Large -0.0067 -0.0029 -0.0018 0.0000 -0.0019 -0.0009 0.0002 0.0037 0.0037 0.0029 0.0096 3.69

Sub-periods

1993-2004 -0.0118 -0.0074 -0.0026 -0.0029 -0.0031 -0.0004 0.0008 0.0057 0.0054 0.0053 0.0171 3.84

2005-2016 -0.0079 -0.0044 -0.0009 -0.0005 -0.0002 -0.0020 0.0021 0.0020 -0.0002 0.0047 0.0126 2.71
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