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1. Introduction

The capital asset pricing model (CAPM) of Sharpe (1964) and Lintner (1965) has been
supplemented in various ways to better explain expected asset returns. In particular, an ex-
tensive literature has provided evidence that systematic skewness, denoted as co-skewness or
gamma, further characterizes the risk of an individual security relative to the market (Kraus
and Litzenberger, 1976, 1983; Harvey and Siddique, 2000). The importance of accounting
for co-skewness both in asset pricing (Conrad et al., 2013; Kostakis et al., 2012) and optimal
portfolio allocation (Jondeau and Rockinger, 2012; Martellini and Ziemann, 2010) has been
documented. The existing literature has, however, evaluated co-skewness over a range of arbi-
trarily chosen horizons, with little consideration given to the impact of alternative estimation
horizons. Monthly or daily returns are widely used without particular justification.! In this
paper, we find that return horizon plays a central role in the estimation of co-skewness and the
strength of this horizon effect is significantly related to the delay in security price adjustment
to market wide information.

While a long line of research has considered the effect of the investment horizon on the
estimation of financial parameters, little, if any, consideration has been given to the horizon
effect on the calculation of co-skewness.> The single-period model underpinning most studies
considering co-skewness is silent on the applicable length of an investment period. In a frame-
work where investors are assumed to be heterogeneous with respect to their investment horizon,
previous research has documented that the systematic risk (beta or 3) of an asset or a portfolio
is found to change as the horizon is extended under the single-period Sharpe-Lintner CAPM
(Perron et al., 2013; Gengay et al., 2005; Handa et al., 1989; Hawawini, 1980b; Cohen et al.,

1980). A considerable body of work has also yielded similar horizon effects, for example, in

"We examined 45 papers investigating asset co-skewness, published in top peer-reviewed journals including
the Journal of Finance, Journal of Financial Econometrics, Review of Financial Studies, Journal of Financial and
Quantitative Analysis, Journal of Banking and Finance, Journal of Business and Management Science between
1990 to 2015. 37 of these studies use monthly and/or daily returns. 13 consider returns measured using two or
more horizons. For example, Conrad et al. (2013) test the impact of ex-ante skewness on expected stock returns
using both daily and monthly returns. Chung and Schill (2006) investigate the pricing roles of the Fama and
French (1993) three factors against higher-order comoments using daily, weekly, monthly, quarterly and semi-
annual returns.

2The ‘horizon effect’ has, inter alia, been referred to in the literature as: the intervaling effect, the frequency
problem, the investment horizon problem, and the holding period problem, among others.



examining common risk factors when the Fama-French three-factor model is considered (Ka-
mara et al., 2016; Brennan and Zhang, 2019), in utilizing the GARCH-M framework through
the use of the conditional CAPM (Brailsford and Faft, 1997), and in inspecting the multi-index
return generating process underlying the arbitrage pricing theory (Parhizgari et al., 1993).

This paper extends the analysis to co-skewness, also in a single-period framework as un-
derpins the work of Harvey and Siddique (2000). Holding mean and variance constant, prudent
investors should prefer assets for which returns are right-skewed, relative to those that are left-
skewed (Harvey and Siddique, 2000). Hence, assets with negative co-skewness to the market
portfolio, with a resultant decrease to a portfolio’s skewness, require higher expected returns;
and vice versa. This paper highlights the possibility that portfolios with positive co-skewness
in one horizon may have negative co-skewness when measured using another horizon. We
find persuasive empirical evidence that co-skewness is highly sensitive to the length of the in-
vestment horizon. The signs of estimated co-skewness parameters are highlighted as prone
to reversal across differing horizons for size-sorted portfolios, a finding which has not been
reported in the literature previously.> Exploring the term structure of estimated co-skewness,
we find that, for securities where the firm size is greater (less) than the market average, the
strength of the horizon effect on co-skewness is positively (inversely) related to their market
capitalization.

An additional contribution of our study is the provision of theoretical and economic un-
derpinnings for the horizon effect on co-skewness. The literature documents two alternative
explanations for the horizon effect. First, studies focus upon the estimation bias which occurs
when using different lengths of investment horizon in the calculation of financial estimates.
For example, research suggests that there may be delays in price adjustment for certain stocks
to market-wide news (Lo and MacKinlay, 1990; Brennan et al., 1993; Badrinath et al., 1995;
Zhang, 2006). The heterogeneous speeds among firms in releasing information and the ad-
justment of stock prices to market-wide information induce cross-serial correlation in security

returns, which may also lead to autocorrelation in market index returns. Moreover, Levhari

3While the impact of horizon on co-skewness has not previously been examined, skewness of asset returns has
been shown to be horizon dependent (Lau and Wingender, 1989; Hawawini, 1980b).



and Levy (1977) find that, even if returns are independent and identically distributed over time,
the mathematical calculations (e.g. multiplications) between n-period returns and 1-period re-
turns constitutes “a complex relation” between 1-period betas, f3;(1), and n-period betas, fB;(n).
Brennan and Zhang (2019) confirm the significant role of the multiplicative relation. Estima-
tion using short horizon data may also be biased due to thin trading as identified by Dimson
(1979) and Scholes and Williams (1977), which leads to a lack of synchronization between the
observed prices of the security and the market portfolio.

Accordingly, following this literature we develop a model of the horizon effect on co-
skewness, theoretically indicating that co-skewness measured at any given 7- day horizon can
be expressed as a function of the daily co-skewness, the length T of the return horizon in days,
and the security’s intertemporal cross-correlation to the market as well as market autocorre-
lations in unit returns.* We show that our model produces accurate long-horizon estimates of
co-skewness using only data from the shortest horizon. Furthermore, our model affirms that the
estimation bias resulting from intertemporal correlations among security returns is an impor-
tant source of the horizon effect on co-skewness. We provide evidence that the horizon effect
on co-skewness is more conspicuous when higher order serial correlations are accounted for.
Moreover, for a given order of serial correlation, increasing or decreasing the magnitudes of the
intertemporal correlation coefficients is also shown to induce estimation bias in co-skewness.
These results help to explain our empirical findings for size-sorted portfolios.’

A second possible explanation for the horizon effect is linked with a line of literature which
documents evidence on the variations in investment horizons across investors and over time,
from a behavioural perspective. Investment strategy is found to be horizon dependent. For
example, Dierkes et al. (2010) investigate interactions between investment preferences and the

investment horizon. Dierkes et al. (2010) find that investing in stocks is a better strategy for in-

“In the context of this paper, intertemporal correlations refer to the range of non-contemporaneous lagging and
leading correlations between assets and the market, including those involving quadratic terms.

STheobald and Yallup (2004) suggest that the speed of pricing adjustment for larger firms is greater than that
of smaller counterparts. The authors establish a lead/lag relationship and demonstrate that large firms have faster
speeds of adjustment than small firms. Their results are consistent with various other papers, such as Jegadeesh
and Titman (1995) and Lo and MacKinlay (1990), which have established and investigated the lead/lag effects
across size sorted portfolios and show that returns of large capitalization stocks lead those of small capitalization
stocks. This supports why we find that larger firms have a relatively small horizon effect on co-skewness.



vestors with long investment horizons, while a pure bond strategy is a more optimal choice for
those with short horizons. Ait-Sahalia and Brandt (2001) also find that the selection of optimal
portfolios and the corresponding weights vary across investment horizons. Furthermore, clien-
tele with different trading frequencies may have different perceptions of risk (Hur and Singh,
2016; Andries et al., 2015) and heterogeneous preference for skewness (Mitton and Vorkink,
2007). If investors are risk-averse, prudent and temperate, literature suggests that firms whose
returns exhibit negative co-skewness should require higher premia relative to those with posi-
tive co-skewness (Kostakis et al., 2012; Harvey and Siddique, 2000). Thus, investors who trade
frequently may have higher risk-tolerance and prefer to invest in securities with larger negative
co-skewness to seek a higher risk premium, while longer-horizon investors may be willing to
accept a low premium and only pursue securities with low co-skewness.

Our theoretical model and related findings also link to this behavioural reasoning by show-
ing that in the case of co-skewness, intertemporal cross-correlation and autocorrelations are not
solely responsible for the horizon effect. We find that, while intertemporal cross-correlation
and auto-correlation help to drive the horizon dependence of co-skewness, the horizon effect is
present even without such characteristics. While a similar finding has been detailed for skew-
ness (Hawawini, 1980a), previous theoretical work linked the horizon effect in beta to fric-
tions, manifesting as intertemporal cross-correlation and auto-correlation. Hawawini (1980b)
proposed an early model to explain the relation between the estimated betas and intertempo-
ral cross-correlations. This model suggests that there is no horizon effect on beta under the
independence assumption in an efficient market, where all securities’ prices are assumed to im-
mediately adjust to new market-wide information. Our model, however, shows that the length
of the investment horizon also plays a significant role, indicating a “scaling law” of co-skewness
in the absence of intertemporal correlation. Therefore, any research or investment strategy re-
lated to the estimation of co-skewness should be cautious in choosing the investment horizon,
in contrast to the case where only beta is considered.

Finally, given the evidence of the horizon effect on co-skewness, we examine the impli-
cations of this effect for higher-order asset pricing. In particular, we examine whether the

cross-sectional variation in asset returns can be explained by exposure to co-skewness using



the Fama and MacBeth (1973) two-step method. First, when using returns collected from the
CRSP daily tape, we examine the pricing role of co-skewness in seven horizons (from one-
day to one-quarter). Co-skewness is found to be consistently priced for horizons of up to 40
days. Second, we have also tested the horizon effect on pricing roles of co-skewness based on
returns collected from the CRSP monthly tape. When longer-horizon returns are considered,
it is more evident that co-skewness is only significantly priced for horizons shorter than quar-
terly. This meets theoretical expectations as, for increasing horizon, asset returns tend to be
more normally distributed. Our results contribute to the literature by considering the impact of
investment horizons and the changing pricing roles of higher-order moment factors. Using an
arbitrary length of return horizon may lead to inconsistent conclusions.

Our findings for the impact of the sampling horizon on co-skewness is important for both
portfolio selection and asset pricing. As proposed earlier, investors’ preference for positive
skewness typically leads to a desire for positive and higher co-skewness, which represent higher
probabilities of extreme positive outcomes for a security relative to market returns. Our results
suggest that an asset which is selected for a portfolio based on its positive co-skewness us-
ing one investment horizon may have negative co-skewness when using another horizon, with
resultant implications for asset and portfolio selection (higher order moments have been con-
sidered for portfolio optimization by Jondeau and Rockinger (2012), Martellini and Ziemann
(2010) and Guidolin and Timmermann (2008), for example.) In particular, one implication of
the horizon dependence of systematic skewness is that related risk premia may also be sensitive
to the investment horizon. Our empirical and theoretical findings convey a word of caution for
empirical researchers who estimate asset co-skewness, especially for securities with extreme
firm size (largest or smallest) .

The paper is structured as follows. Section 2 introduces the asset pricing implications of
co-skewness from first principles and develops our model of horizon-dependent co-skewness.
Section 3 describes the data employed and presents empirical results related to the estimation of
co-skewness coefficients. Section 4 presents further tests on the pricing of co-skewness factor

and its relation to the horizon effect. Concluding remarks are given in Section 5.



2. Co-skewness and Modelling Process

2.1. Asset Pricing Implication of Co-skewness and Investment Horizon

As noted by Brennan and Zhang (2019), the basic capital asset pricing model (CAPM) is a
single-period model, where the horizon or time period is not specified. Similarly, in our set-up
for a single-period model, an investor is holding a risky asset i for one period, with the length

of the period (investment horizon) unspecified. The first-order condition is:
E[(1+Rir1)M1|Q] =1, (1)

where 1+ R;;+; is the total return on asset i at # + 1, M, is the marginal rate of substitution
of the investor between a single period from ¢ and 7 + 1, and €, is the information set available
to the investor at time ¢. The length of the investment horizon (from 7 to # 4 1) may affect the
content in this information set and thus the marginal rate of substitution, highlighting a potential
horizon effect on pricing asset i. The estimation of beta in the traditional framework of CAPM
may result in a horizon effect, often attributed to thin trading (Scholes and Williams, 1977),
differences in the speed of adjustment to common information (Lo and MacKinlay, 1990) or
a complex multiplicative relationship between short- and long-interval returns (Levhari and
Levy, 1977).

Different pricing kernels vary primarily in the set-ups they use for the M; ;. Kraus and
Litzenberger (1976) and Harvey and Siddique (2000) extend the static CAPM to nonlinear
forms of the risk-return trade-off by considering systematic skewness, developing the notion
that moments of returns other than variance are relevant to maximizing investors’ expected
utility. Similarly, the horizon effect remains an issue when the single-period third-order asset
pricing model is considered. In particular, in the theoretical framework developed by Harvey
and Siddique (2000), a valid quadratic functional stochastic discount factor is proxied for the

marginal rate of substitution:
2
My = ar+biRpmypv1 + iRy 1y (2)

Taking a second-order Taylor series expansion of U’'(W;,1) around W;, the quadratic SDF
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(Equation 2) can be expressed as:

U (W)W, U (W)W
My =14+———R — Ut R2 W), 3
t+1 + U/(v‘/t) m,t+l+ 2U’(‘/‘/t) m,t+1+0( t) ( )
where the b, = % matches the definition of the Arrow-Pratt measure of Relative Risk
€
Aversion and U;J,—W is one-half of the product of risk aversion and ¢; = U;,(,V(V‘%‘;/’ (a mea-

sure of Relative Prudence defined by Kimball (1990)). Thus, we have b; < 0 and ¢; > 0, since
U (W;) > 0 based on the assumption of non-increasing absolute risk aversion for a risk-averse
utility-maximizing agent (Arrow, 1964; Scott and Horvath, 1980). Kimball (1990)) also sug-
gests prudence with non-increasing absolute risk aversion for a risk-averse utility-maximizing
agent is associated with the desire to avoid disappointment.

Therefore, for a risk averse and prudent investor, increases in total skewness are preferred.
As for co-skewness, an asset with negative co-skewness to the portfolio may not be selected,
as adding an asset with negative co-skewness to a portfolio results in a more negative skewness
for the portfolio. In this paper, we build upon the extensive literature examining the effect
of investment horizon on beta (for example, Perron et al. (2013), Handa et al. (1989), Cohen
et al. (1983a), Hawawini (1980b) and Scholes and Williams (1977)) and determine whether
co-skewness presents a similar phenomena. If co-skewness is horizon dependent, both the non-
linear pricing kernel or portfolio selection with skewness may also be affected by the choice of

the investment horizon.

2.2. Estimation of Co-skewness

We follow the definition of Harvey and Siddique (2000) for co-skewness. To estimate the
degree of horizon-dependent co-skewness, we repeat the estimation procedure using returns
measured at different horizons, and thus have several samples of co-skewness estimates. More

precisely, we first employ the CAPM regression using a rolling window of 5-year excess returns



for share i:°

Rit — Ryt = 04t + Bityt (R — Ryre) + €31, 4)

to extract the residuals €7;, which are, by definition, orthogonal to the excess market returns.
RiT: and R,,1 represent T-day asset returns and market returns, respectively. Therefore, these
residuals are net of the covariance (beta) risk, but still incorporate co-skewness risk.
Using the residuals from Equation 4, Harvey and Siddique (2000) estimate standardized
co-skewness for share i at horizon 7', namely %7;, using a 5-year window up to time ¢ as:
Eleimigny,)

%T,t - > - ) ) (5)
E [giT,z]E [SmZt]

where &7 = [Rit; — Reri| — [0 + Bitf(Rmtt — Ryr¢)] is the residual from Equation 4 and &7,
is the deviation in the excess market return for month t from the average value over the corre-

sponding window.

2.3. Decomposition of Co-skewness: the Sum of Intertemporal Cross-covariances

A substantial literature has documented the horizon effect on both security alphas (Boguth
et al., 2016) and betas (see, for example, Handa et al. (1989) and Hawawini (1983)), but the
impact on co-skewness remains an open question. Given that residuals g7, are a function of
both a and 3, as shown in Equation 5, this, in isolation, should lead to co-skewness being
horizon-dependent. In this paper, however, we wish to demonstrate the horizon dependence of
co-skewness, itself related to intertemporal characteristics associated with return time series,
independent of the horizon effect on alphas and betas. Similar to Cohen et al. (1983a), we
develop a model to relate the horizon effect of co-skewness to characteristics of autocovariance
and intertemporal cross-covariance, in light of the frequent documentation of autocorrelation

and intertemporal cross-correlation of financial time series in the literature (Cohen and Frazz-

The existing literature has also documented the possible impact on estimating financial parameters by the
choice of the size of the window used in estimation. Our focus, in contrast, is the sensitivity to the sampling
horizon, for example daily, weekly or monthly. We do, however, confirm the robustness of the horizon effect
using a 15-year window.



ini, 2008; Lo and MacKinlay, 1990).” We acknowledge that there may be multiple fundamental
sources of such horizon effects such as clientele, investment horizon preferences and estima-
tion bias. Many of these suggested sources may manifest as autocorrelation and intertemporal
correlation in the underlying data and, which, in turn, impact the estimation of co-skewness.
Our approach has the benefit of allowing us to garner further insight into the estimation of
co-skewness at various horizons in a frictionless environment. To this end the following propo-
sition details the relationship between long-run co-skewness and characteristics estimated at

short-run horizons.

Proposition 1. Co-skewness at horizon T is a function of the length of the horizon, the in-
tertemporal auto-covariance of asset returns and of market returns, the intertemporal cross-
covariance between returns of the asset and squared market returns, and the estimated betas at

horizon T, which is given by:

cov(&iry, eﬁlT,t)

Yite =

! G(Sﬂj,) . var(SmT,t)
T AT—1T-1 T—1T—1T—1

Y Y cov(Ritej Rt i) Ruiny) =Bt & L Y cov(Rut,is Rt k) - Rt got) (6)
j=0 k=0 1=0 ': k=0 1=0
T—1T-1 T—1T-1

kZO Y. [cov(Ris (t-k)vRi],(t—u))_3i7",ICOV(Ri],(t-k)7Rm],(t—u))]'kzo ZOCOV(Rm],(z-k);Rm],(t—u)>
u=0 =0 u=

Proof: See Appendix A.

Equation 6 demonstrates that co-skewness at horizon T can be expressed as a function of
short-run returns, R; | and R,, 1, accounting for characteristics of auto-covariance and intertem-
poral cross-covariance. In Appendix A we show that o has no impact on the estimation of

co-skewness and f;7; can be expressed as a function of short-run characteristics using the fol-

7While our model can be expressed in terms of intertemporal cross-correlation terms, as exposition in terms of
intertemporal cross-covariance provides equivalent insights, we follow this route for brevity.
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lowing term, as suggested in the literature:

T-1T-1

Y Y cov(Ris (i), Rmiqr-
B. _ COV(RiT,anZt) _ k=0 =0 ( il,(t-k)>s\ml, (¢t u))
e var(Ryr:) T—1T—1

Y X cov(Rup(i-k)s R, (t-u))
k=0 1=0

(7)

2.4. The Long-Run Horizon Effect
Hawawini (1980b) derives a covariance-time function, and links long-horizon covariance

to short-horizon estimated covariance, as:
Gim,t(T) = Gim,t(l)[T‘f'/lim(T)] (8)

where A, (T) = ZST:_11 (T — s)%ﬁ = st_ll (T —s)g,,; p;t? is the lead and p; * the lagging
intertemporal cross-correlation coefficients of order s in unit returns, p;,, is the contemporane-
ous cross-correlation coefficient.

Cohen et al. (1983a) documents that the estimated beta would converge to a “true” beta
when the horizon is sufficiently lengthened, since returns measured using longer-horizons are
less affected by serial correlations. Hawawini (1980a) suggests that if there is neither autocorre-
lation in market returns nor intertemporal cross-correlation between securities’ returns and the
market returns, beta is invariant to the length of the investment horizon. In a similar sense, we

derive the following proposition to understand the long-horizon implications for co-skewness

in a frictionless environment:

Proposition 2. For unconditional estimates, with stationary returns, if individual assets’ in-
tertemporal auto-covariances and intertemporal cross-covariances among asset returns are
not present, intertemporal variation in unconditional co-skewness still exists and is inversely

related to the square-root of the horizon T, as follows:

Yilt )

Yitr =

3

Proof: See Appendix B.
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Equation 9 is analogous to the square root of time scaling law associated with risk and
the related rule proposed for skewness (Lau and Wingender, 1989). The former has also been
shown to be perturbed by serial dependence in the underlying time series (Wang et al., 2011).

In Equation 9, we demonstrate that the horizon effect on co-skewness may exist even in
an efficient market with no price delay. Furthermore, Equation 9 shows the horizon effect on
co-skewness is not merely a consequence of the horizon effect associated with beta and alpha,
as might be expected from their individual horizon-dependence. Instead, co-skewness has an
inherent sensitivity to the investment horizon, but without a frictionless market co-skewness

may be perturbed by autocorrelation and intertemporal cross-correlations.

3. Data and Empirical Facts

3.1. Data

To empirically examine the horizon effect on co-skewness, our initial sample consists of
all NYSE/AMEX/NASDAQ-listed stocks with available data from the Center for Research in
Security Prices (CRSP). Alongside prices, the total market capitalization, trading volumes of
outstanding shares and adjusted dividends are also collected. We impose several screening
criteria to our initial sample as suggested in the literature: we use stocks with share codes 10
or 11, but exclude firms with market value less than $5 million and firms with price less than
$5 at the beginning of each month, and firms without a minimum of 1 year of return data. We
include both listed and dead firms. Thus, our data set is free of any potential survivorship bias.
Our sample period is August 1, 1962 to December 31, 2015.

Non-overlapping logarithmic returns are calculated for seven sampling horizons: 1, 2, 5,
10, 20, 40 and 65 business days. These horizons encompass the majority of regular investment
horizons used both in practice and in the literature: daily, bi-daily, weekly, bi-weekly, monthly,
bi-monthly and quarterly. For all horizons, we primarily employ self-calculated value-weighted
returns across all stocks as the market index.® The risk-free rate is the (compounded) three-

month T-bill rate, and we scale the rate for each sampling horizon.

8We do not use the CRSP index as our market index because its returns are not logarithmic, and therefore are
not additive. Our daily market returns are reasonable and closely track the daily CRSP index having a correlation
coefficient of 0.994.
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Following previous research examining the horizon effect, we detail our empirical results
by forming portfolios based on the market capitalization of securities. As mentioned above,
Theobald and Yallup (2004) suggest that the speed of pricing adjustment for larger firms is
greater than that for smaller counterparts. Therefore, we hypothesize that larger firms have a
relatively smaller horizon effect on co-skewness. We sort all stocks into 20 equal-sized portfo-
lios by market capitalizations (MC portfolios). We reassign securities on an annual basis into
these 20 portfolios according to their average market capitalization ranks.® The first, MC1,
contains the smallest 5% of firms and the last, MC20, contains the largest 5%.

Table 1 documents some intertemporal cross-correlations between each MC portfolio and
the market portfolio. The “l-lag” (“1-lead”) cross-correlation coefficient indicates the cross-
correlation between the MC portfolio returns and market returns lagged by (leading by) one
period. For all portfolio sizes, we observe an increase in 1-lag serial cross-correlations and
autocorrelation between daily data and monthly data. This increase in serial cross-correlation
will impact upon the estimation of co-skewness, as demonstrated in our discussions on the
long-run horizon effect in Section 2.4. Moreover, returns of smaller firms have greater cross-
correlations to market returns. This supports the evidence detailed by previous literature that
the speed of pricing adjustment for larger firms is relatively more rapid. Finally, we observe
some evidence for significant serial cross-correlation and autocorrelation for daily data for a

lag of 5 days.
TABLE I ABOUT HERE

3.2. Sensitivity of Estimated Co-skewness to the Investment Horizon

In this subsection, we provide empirical evidence for the existence of a horizon effect on
portfolio co-skewness. Co-skewness is calculated for each portfolio using a 5-year moving
window. Sorted on the basis of securities’ market capitalizations, Table 2 details the magnitude
of co-skewness averaged over all 5-year windows and associated test statistics. In each case,

co-skewness is estimated relative to the value-weighted market index.

20ur set-up for portfolios is similar to those in Perron et al. (2013) and Handa et al. (1989). Our portfolio
composition changes each year, since firms’ average market capitalizations are re-ranked and firms enter and
leave the sample as a result of listing, delisting, mergers, and the like. Moreover, only the NYSE security market
cap is used for setting breakpoints.
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TABLE 2 ABOUT HERE

Panel A documents the average co-skewness for each market capitalization (MC) formed
portfolio across horizons, showing clear evidence of the horizon effect on co-skewness. First,
we find evidence that the estimated level of co-skewness differs according to the horizon con-
sidered. This is particularly evident for portfolios consisting of small cap stocks. For example,
at a 1-day horizon co-skewness for portfolio MC1 is —0.425, increasing to —0.067 and 0.123
for 20-Day and 65-Day horizons, respectively. This also highlights a second novel finding. For
all of the portfolios MC1-MC15, the sign of co-skewness also reverses as we move from short
to long-horizons. While MC16 — MC19 display negative co-skewness at all horizons, MC20 is
the only portfolio for which co-skewness is estimated to be consistently positive. Given that
firm size is a proxy for price adjustment delay, we conclude that the possibility of sign reversal
may be influenced by the speed of stock price reaction to market wide information.

Our findings also relate to previous work, which demonstrates that betas of smaller firms
tend to increase, while those for the largest firms decline as the investment horizon lengthens,
also linked with price adjustment delay (Cohen et al., 1983a,b). Analogously, we find that co-
skewness estimates for the first 17 portfolios (MC1 — 17) in Table 2 are broadly monotonically
increasing as the sampling horizon is lengthened. The trend in co-skewness estimates for the
portfolio comprised of stocks with the largest market capitalizations (MC19 and MC20) is, in
contrast, downward sloping as the sampling horizon increases from one day to a quarter. These
findings for a firm-size related effect are in agreement with the behaviour of security betas
documented in the extant literature.

Panel B summarizes three measures through which we capture the relative size and sig-
nificance of the horizon effect in co-skewness. The extant literature considering the horizon
effect has not specified a standard test to measure the strength of the horizon effect. The stan-
dard deviations of estimates for the same security over horizons and the F-statistics of one-way
analysis of variance (ANOVA1) are suggested as indicators (Corhay, 1992). We first use the
standard deviation as one measure for the magnitudes of the horizon effect. As our second

measure, we augment the use of ANOVAI, with a One-Way Repeated Measures ANOVA!0,

10The one-way repeated measures ANOVA (also known as a within-subjects ANOVA) is ideal in testing the
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since tests of significance for ANOVALI are known to be valid only if the samples are indepen-
dent and the variance of each sample is equal. Therefore, in our tests, if there is no horizon
effect, the standard deviation and augmented F-statistics should be zero, while larger values
indicate a stronger effect. Moreover, considering that the degree of standard deviation of any
sample depends on the magnitudes of the average of the sample, we define an intuitive variable,
referred to as Estimation Bias or EBy;, as the sum of the absolute differences between other

horizon estimates and monthly (20-Day) estimates:
EByi=Y |Yin:—Yiz,.| n € {1,2,5,10,20,40,65} (10)
n

where ¥;, , are the averaged co-skewness for an n —day horizon and 7,, stands for the length of a
business month. EB quantitatively captures the aggregate tendency of co-skewness estimates to
vary from that measured at a monthly (20-Day) horizon, given monthly data is mostly employed
in the existing literature. This measure of estimation bias is zero if there is no horizon effect.
We reject the null hypothesis that co-skewness is equal to that estimated at a monthly hori-
zon at a 1% level for the three measures shown in Panel B. In more detail, for all securities
with smaller market capitalization than that of the averaged market capitalizations of firms
constituting the market portfolio, the magnitudes of the horizon effect on their co-skewness
are inversely related to their market capitalizations. For example, MC17 and MC18 have the
smallest standard deviations of 0.037 and 0.030 respectively. Companies in the first 16 MV
portfolios all have lower market capitalizations than the market average and their standard de-
viations are found to be inversely related to the market capitalization. In contrast, for portfolios
which have greater-than-average firm size, the sensitivity of co-skewness estimates to the in-
vestment horizon is positively related to their market capitalizations. The standard deviations
of MC18, MC19 and MC20 in Panel A of Table 2, for example, are 0.030, 0.107 and 0.067,
respectively. Therefore, we could conclude that for any security, the greater the deviation in the
firm’s size relative to the average size of companies in the market index, the more sensitive the

co-moments will be to the selection of the investment horizon.

horizon effect, since it is used to determine whether three or more group means are different where the participants
are the same in each group.
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Avoidance of data problems due to the listing and delisting of securities is important in
estimating and analyzing systematic risks. Moreover, by using non-overlapping returns over a
fixed time window (5 years in the analysis just presented) the number of observations may be
very small for longer investment horizons. For example, we measure co-skewness using ap-
proximately 1250 observations when using 1-Day returns, but only 20 observations when using
65-Day returns. To provide a larger sample at longer horizons, we re-examine co-skewness of
securities during the whole period from August 1962 to December 2015, in addition to two
sub-periods from August 1962 to December 1989 and from January 1990 to December 2015,
respectively. Findings, shown in Table 3, provide further evidence for the horizon-dependency
of co-skewness. A strong horizon effect is detailed for companies in the portfolios consisting of
the smallest stocks, in keeping with the idea of price transmission delays in market-wide infor-
mation. The change in sign from 1-Day to 2-Day for small stocks in the 1990 — 2015 subperiod
is notable. In unreported analysis, we exclude the two-day period around the ‘Black-Monday’
crash of October 1987, with the result that 2-Day estimates of co-skewness are negative in
this sub-period. For the largest stocks, co-skewness is predominantly found to be positive in

keeping with our earlier findings.

TABLE 3 ABOUT HERE

3.3. Model of Horizon-Dependent Co-skewness

We now test if the theoretical decomposition, Equation 6, of co-skewness using short-
horizon returns while accounting for intertemporal cross-covariance provides an adequate de-
scription of the properties of co-skewness estimates. In Table 4, we illustrate the estimates
of co-skewness originating from our horizon-dependent model for portfolios MC1 and MC20,

using the same set-up over the entire period provided in Panel A of Table 3.

TABLE 4 ABOUT HERE

To calibrate Equation 6, we require estimates of &7, and &,7; at the shortest horizon under
consideration (1-Day). Equation 6 also requires estimates of long-horizon beta. These, in turn

can be either empirically estimated using long horizon data or model-generated using Equation
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7. In Table 4, beta is empirically estimated using long horizon data, but results are consistent
for model generated betas.

Panel A of Table 4 details estimates of co-skewness by incorporating different orders of
serial-covariance and intertemporal cross-covariance. The first row lists the simulated results
if there is no serial covariance terms (0 order). Moving from short to long horizons, a clear
monotonic increase in co-skewness is observed, with the long horizon theoretical estimate con-
verging towards zero. These findings help to validate the 1/+/T rule, described in Proposition 2.
In the absence of serial-covariance and intertemporal cross-covariance co-skewness estimates
converge towards zero. The results, however, present a clear difference between modelled co-
skewness with no serial covariance and estimates found using long-horizon data. For example,
for MC1 the model suggests a value of —0.0373 for 65-Day co-skewness, while the empirical
estimate is 0.265. These differences can be attributed to a presence of intertemporal covariance
terms for the estimated value.

Including intertemporal covariance terms of order 1, we see that the 2-Day theoretical es-
timate of —0.0501 is now in keeping with that of the 2-Day empirical estimate. Similar find-
ings are evident at higher orders. At the limit, we consider up to 64 intertemporal covariance
terms and we observe that 65-Day theoretical co-skewness increases from —0.0373 to 0.2670
as the number of intertemporal covariance terms is increased, where the latter is in keeping
with the estimate from long horizon data. Similar findings are evident for the largest portfo-
lio MC20. This highlights the importance of intertemporal covariance terms in the estimation
of long-horizon co-skewness. Furthermore, these results illustrate why empirical co-skewness
estimates do not follow the 1/+/T rule described in Proposition 2, as they are perturbed by
intertemporal covariance in the underlying time series from the theoretical level.

In panel B, we further examine the importance of intemporal relations in the underlying
time-series on co-skewness estimates at different horizons. The objective here is to determine
the extent of the impact of serial- and cross-serial correlation on co-skewness. To this end,
we add increments to the serial- and cross-serial correlation terms and examine whether this
changes the magnitude and sign of co-skewness. 1* and 4" order intertemporal relations are

considered as examples. Our findings indicate that adding larger increments in absolute value

17



terms (e.g. +0.03 or -0.03) further biases the estimation of co-skewness.

For example, considering just 1% order intertemporal terms, the model in Panel A estimates
a co-skewness of —0.1517 at a 5-Day horizon. Including an increment of —0.03 (0.03) to
the serial correlation and cross-correlation terms, we see that the magnitude of co-skewness
changes to —0.2373 (—0.0864). Similarly, for MC20 with 4'" order intertemporal terms, co-
skewness is 0.273 using 5-Day data. Incrementing the intertemporal correlations, both serial
and cross-correlations, by terms ranging from —0.03 to 0.03 results in co-skewness estimates
ranging from —0.199 to 0.522. This highlights how intertemporal relations in the underlying
time series may not only alter the magnitude of co-skewness but also the associated sign.

Our model of co-skewness horizon dependence shows a clear relationship with intertempo-
ral covariance terms. Without such terms the scaling law derived in Equation 9 is found to hold,
with co-skewness converging to zero at long horizons. In other words, co-skewness has an in-
herent horizon dependence, but this may be masked in long horizon co-skewness estimates due
to intertemporal covariance. Incorporating various lags of interdepdence we provide evidence
that co-skewness estimates at different horizons are impacted by underlying time series charac-
teristics. These findings and those detailed earlier may have implications for higher-order asset

pricing, a question we address next.

4. Higher-order Asset Pricing and Horizon-Dependent Co-skewness

We next explore implications for higher-order asset pricing. The pricing of the co-skewness
risk factor and related research on the three-moment asset pricing model (3M-CAPM) may also
be sensitive to the horizon. In particular, we examine whether the cross-sectional variation in
asset returns can be explained by exposure to co-skewness using the Fama and MacBeth (1973)
two-step method at different investment horizons. Given co-skewness in each month t for asset i

in horizon T (denoted as gamma or ¥;; 7)!!, estimated using Equation 5, the first-stage regression

"Harvey and Siddique (2000) apply this conditional co-skewness in asset pricing tests and Doan et al. (2014)
also use the standardized conditional co-skewness measure and check the performance both using time-series
and Fama-Macbeth cross-sectional regressions. Harvey and Siddique (2000) and Kostakis et al. (2012), among
other studies, have also constructed the co-skewness risk factor in a similar way to the Fama and French (1993)
factors by using return spreads between portfolios with lowest and highest co-skewness. We have also tested this
alternative approach and found a similar horizon effect on pricing of co-skewness.
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involves estimating the factor loading for ¥ r through the 3M-CAPM,
Ry R =B R — R + Bl vy, 1=1,2,3,4..,T for eachi.  (11)

Following Harvey and Siddique (2000) we use individual securities in the Fama-MacBeth
second-stage regression. To control for the variations, we weight the securities using 1/6(&);.7,
where 6(€);, 7 is the standard deviation of the residuals from the beta estimation. We also con-
sider the approach suggested by Kamara et al. (2016) to better compare our results across hori-
zons, by using overlapping returns and adjusting factor loadings ([)’%k’ and i’;"”TT) standardized
to a mean of zero and a standard deviation of one in each month.

These standardized factor loadings are used in the second-stage regression to estimate the

corresponding market and co-skewness risk premia coefficients, using the cross-sectional re-

gression,
F;,T—R}ZT = lt,T-i-l%kt A%kt -l—?L%"TﬁZ’}T, i=1,2,3,4...N for each t. (12)

The slope coefficients are generated as average values across all test months, as shown in Table
5. The t-statistics (in brackets) of cross-sectional regression coefficients are calculated using
Newey-West standard errors with five lags to reduce the impact of overlapping returns and the

Shanken correction is also employed to help alleviate the errors-in-variables problem.
TABLE 5 ABOUT HERE

Panel A illustrates results using returns collected from the CRSP daily tape. Co-skewness
is consistently priced in most horizons and the lambda coefficients are all negative, except
using 65-D (quarterly) returns. Harvey and Siddique (2000) also find a significant negative
premium associated with 8, when monthly returns are considered. It is reasonable to expect
that the pricing role of co-skewness is diminished for longer horizons, since long-horizon asset
returns tend to be more normally distributed. Moreover, we have found in Table 2 that the sign
of co-skewness changes systematically as the horizon lengthens. Although the coefficient is

insignificant, the sign associated with 65-day lambda of co-skewness is found to be positive.
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Thus, to validate our findings over longer horizons, in Panel B we repeat our tests by using
returns data from the CRSP Monthly tape. We find that co-skewness is significantly priced only
for horizons of three months or less, in keeping with findings detailed using daily data.

To summarize, co-skewness risk is only found to be priced at short horizons. Our results
contribute to the literature by considering the impact of investment horizons and the changing

pricing roles of higher-order moment factors.

5. Discussion and Concluding Remarks

Co-skewness extends the Sharpe-Lintner CAPM, allowing for more detailed characteri-
zation of individual asset risk. While the extant literature has highlighted the importance of
co-skewness in explaining the cross-section of stock returns, the choice and implications of the
return horizon selected have not been considered. Based on an extensive data sample of stocks
from the CRSP database for the period 1962 to 2015, this paper details the sensitivity of co-
skewness estimates to the return horizon. Developing a system of consistent sequential tests,
we also measure the strength of the horizon effect for co-skewness estimation. The magnitude
of the effect is shown to be linked with firm characteristics and relates to price adjustment delay,
as represented by firm size. In order to develop an understanding as to the drivers of horizon-
dependent co-skewness, we propose a model of long-horizon co-skewness which employs only
data at the shortest horizon. Using this, we provide evidence that auto- and intertemporal cross-
correlations influence the estimation of co-skewness, but that co-skewness also has an inherent
horizon dependence.

Accordingly, this study sheds new light on research considering higher-order asset pricing
and portfolio selection. First, we show evidence that the magnitudes of the estimates of third
moment-related pricing coefficients (gamma) are significantly influenced by sampling horizon.
Moreover, the sign of gamma may reverse for longer horizons. Second, we refine our estimation
of gammas by using returns of market-capitalization sorted portfolios measured over horizons
from one day to one quarter. Firm market capitalization is used as a positive proxy for price
adjustment delay. We find evidence of significance changes in co-skewness estimates as the

return horizon is lengthened. Furthermore, we provide evidence that the horizon effect on
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co-skewness is strongest for the smallest and largest companies, in keeping with the premise
of price adjustment delays. We also propose a “scaling law” for co-skewness, highlighting
an inherent horizon dependency for co-skewness. Finally, we examine implications for asset
pricing and show that co-skewness is priced at short horizons ranging from one-day to one-
quarter.

We conclude with a word of caution to empirical researchers who use higher-order asset
pricing or portfolio selection theories in their empirical work. First, the literature documents
some return anomalies such as the Size Effect (Banz, 1981) and Liquidity Effect (Amihud,
2002; Amihud and Mendelson, 1986). Investors may pursue stocks with smaller capitaliza-
tions or less liquidity while seeking out opportunities for extra returns. Our results suggest
that investors in smaller or less liquid firms should pay greater attention to the choice of the
investment horizon in analysing the higher-order systematic risk exposure of such securities.
Second, recent portfolio selection theory suggests that risk-averse investors are attracted to se-
curities with positive co-skewness estimates. One implication of our findings, however, is that
the relative ranks of portfolio co-skewness alter when the sampling horizon is lengthened. In
particular, co-skewness is significantly sensitive to the investment horizon, since not only the
magnitudes but also the signs of co-skewness change. An asset that is selected based on its
positive co-skewness using a particular sampling horizon may have negative co-skewness us-
ing another horizon. To sum up, the horizon effect presents potential ambiguity in pricing and

the selection of assets for different situations.
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Table 1:
Intertemporal Correlation Tests among Market Capitalization formed Portfolios and the Market Index across Horizons, CRSP 1962-2015.

Panel A: Intertemporal Correlations with Daily Returns Panel B: Intertemporal Correlations with Monthly Returns

Mkt. Cap Cross-correlations to Market Returns Autocorrelations Mkt. Cap Cross-correlations to Market Returns Autocorrelations

(Million $) 1-lag S-lag 1-lead 5-lead 1-lag 5-lag (Million $) 1-lag 5-lag 1-lead 5-lead 1-lag 5-lag
MCl1 12.29 0.1579%*  0.0290*  0.0217* -0.0233* 0.1462*  0.0404* 14.83 0.2315% 0.0447  0.0541  0.0403  0.2393*  0.0644
MC2 20.87 0.1221*  0.0101  0.0337* -0.0235* 0.1138*  0.0087 32.94 0.2305*  0.0126  0.0633  0.0405  0.2306*  0.0354
MC3 29.86 0.1190*  0.0067  0.0301*  -0.0152  0.0995*  0.0118 47.52 0.2245*%  0.0186  0.0678  0.0386  0.2110*  0.0243
MC4 40.31 0.1086*  0.0020  0.0378* -0.0215*% 0.0940*  0.004 60.19 0.2113*  0.0059  0.0793*  0.0336  0.2075*  0.014
MC5 52.79 0.1108*  -0.0013  0.0328* -0.0200* 0.0932*  -0.0023 82.17 0.1852*  0.0228  0.0605  0.0471  0.1558*  0.0219
MC6 67.23 0.1140*%  -0.0043  0.0280* -0.0155 0.0911*  -0.0017 88.95 0.1800*  0.0094  0.0622  0.0427 0.1667* 0.0142
MC7 85.16 0.1160*  0.0026  0.0341*  -0.0166  0.1019*  0.0021 106.03 0.1834* -0.0012 0.0779*  0.0526  0.1665*  0.022
MC8 105.94 0.1157*  -0.0007  0.0344* -0.0212* 0.0927*  -0.0064 127.49 0.1845*  0.0049  0.0822*  0.0413  0.1699*  0.0138
MC9 132.07 0.1184*  -0.0082  0.0354*  -0.0120  0.0991*  -0.0059 138.56 0.1675*  0.0113  0.0741  0.0479  0.1550*  0.0234
MC10 164.16 0.1424*  -0.0053  0.0334* -0.0202* 0.1193*  -0.006 153.33 0.1588* -0.0020  0.0860*  0.0342  0.1531* -0.0045
MCl11 205.23 0.1281*  -0.0040  0.0368* -0.0192* 0.1152*  -0.0061 168.82 0.1510*  0.0089  0.0917*  0.0428  0.1501*  0.0149
MCI12 258.89 0.1250*  -0.0089  0.0378*  -0.0167  0.1091*  -0.0093 235.44 0.1462*  0.0085  0.1048*  0.0327  0.1445*  0.0028
MC13 329.72 0.1172*  -0.0036  0.0417* -0.0143  0.1103*  -0.003 289.92 0.1455%  0.0162  0.1073*  0.0430  0.1529*  0.0157
MCl14 423.35 0.1092%  -0.0061  0.0376* -0.0211* 0.0900* -0.0137 321.26 0.1299*  0.0111  0.0994*  0.0368  0.1323*  0.0061
MCI15 563.07 0.1117*  -0.0032  0.0378* -0.0185* 0.0975* -0.0076 353.74 0.1236*  0.0112  0.0991*  0.0289  0.1283* -0.0128
MCl16 771.46 0.0939*  -0.0179* 0.0497*  -0.0153  0.0922* -0.0158 765.05 0.1240*  0.0370  0.1254*  0.0444  0.1599*  0.0287
MC17 1120.91 0.0738*  -0.0145 0.0431* -0.0130 0.0670* -0.0116 1130.63  0.1092*  0.0392  0.1122*  0.0525  0.1243*  0.0329
MCI18 1790.30 0.0687*  -0.0177* 0.0506* -0.0137  0.0719*  -0.0146 1991.70 ~ 0.0970*  0.0405  0.1028*  0.0361  0.1107*  0.0136
MC19  3568.77 0.0428*  -0.0233* 0.0595*  -0.0120  0.0525* -0.0180* 3460.58  0.0895*%  0.0557 0.0974* 0.0518  0.0957*  0.0461
MC20  42100.00 -0.0217* -0.0211* 0.0560* -0.0154  -0.0158 -0.0173* 40560.00  0.0530  0.0877*  0.0725  0.0872*  0.0381  0.1085*

Note: All stocks during 1962 to 2015 on the CRSP daily tape are used. For each MC portfolio and market index, the intertemporal cross-correlations between lead and lag
market portfolio and MC portfolios are also calculated. The “1-lag” cross-correlation coefficient indicates the cross-correlation between the MC portfolio returns and 1-lag market

returns. * indicates that we reject the null hypothesis at a 5% level.
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Table 2:
Co-skewness of Market-Capitalization Portfolios Estimated using Value-weighted Market Index, CRSP 1962-2015.

Portfolio

MC1
MC2
MC3
MC4
MC5
MC6
MC7
MC8
MC9
MC10
MCI11
MCI12
MCI13
MCl14
MCI5
MCI16
MC17
MCI8
MCI19
MC20

Mkt. Cap
(Million $)
12.29
20.83
29.77
40.26
52.51
66.95
84.65
105.41
131.55
162.83
203.47
256.48
326.53
419.37
557.17
768.68
1108.56
1767.84
3522.59
41700.00

Panel A: Mean Co-skewness of Each Portfolio

Panel B: Measures of Estimation Variations

I-Day 2Day S5Day 10-Day 20-Day 40-Day 65-Day s:l‘:s:l Repeiﬁgfﬁ““res Es‘g‘i‘::""
0425 0420 0313 0204 -0067 0142 0123 0.221" 3954207 1,493+
0420 0421 0357 0184 -0014 0173 0171 0244 372,340 1,698+
0446 0425 0343 0207 -0019 0215 0277 0.276" 413170 1.8747*
0328 0365 -0242 -0.082 0051 0225 0239 0233+ 354.320" 1583+
0281 0322 -0.181 -0.060 0021 0208 0278 0.215% 369.650°** 1.371%
0275 -0246 -0.164 -0.123 0032 0167 0290 0.199" 341430 1.329°
0250 0200 -0.125 -0.095 0024  0.184 0288 0.185%* 339,510 11917+
0218 <0163 -0.119 009 0.047 0219 0307 0.186"* 338.060"* 1216
0077 <0180 -0.09 -0.106 0020 0192 0272 0.167 308.000°* 1,063+
0159 <0157 -0.082 0075 0024 0152 0261 0.148" 216.050"* 0.934
0073 0160 -0.049 0057 0053 0195 0247 0.152 219.400"* 0.988"
0186 -0.168 -0.076 -0.127 -0.064 0047  0.160 0.115% 157.000"* 0.637°"*
0031 <0132 0017 0065 0042 0137 0192 0.117 161,550 0.758
0071 <0155 -0.061 -0.110 0023 0139  0.166 0.127 178,550 0.848"
0059 -0134 0003 0092 -0.003 0081  0.121 0.099" 82.900"* 0.5917
0160 0185 -0.119 0200 -0.130 -0.092 -0.078 0.042 49.750"* 0.255"
0.163 -0.188 -0.078 -0.127 -0.117 -0.091  -0.09 0,037 49.350"* 0213
0135 0181 -0.109 -0.187 -0.165 -0.160 -0.206 0.030** 11,070 0.170***
0052 0104 -0.09 0209 0292 -0290 -0.347 0.107 27.850"* 0.763
0234 0224 0162 0214 0146 0065 0061 0.067+* 73200 0415

Note: All stocks during 1962 to 2015 on the CRSP daily tape are used. Co-skewness estimated using value-weighted portfolios returns and market index are
illustrated in Panel A. Stocks are sorted into 20 market capitalization equal-size portfolios. The first, MC1, contains the smallest 5% of firms and the last, MC20,
contains the largest 5%. For each MC portfolio and each horizon, we compute co-skewness estimate at each month from August 1967 to December 2015 using
the previous five-year periods. This table details the average across all estimated portfolio co-skewness estimates. In Panel B, the standard deviation, repeated
measure ANOVA tests and estimation bias estimates (or EBy,; as in Equation 10) are used in detecting the magnitudes of the horizon effect. *** indicate that the

null hypothesis is rejected at a 5% level.
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Table 5:
Horizon Pricing Using Co-skewness (SKD) in 3M-CAPM.

Panel A: Using CRSP Daily Tape Panel B: Using CRSP Monthly Tape
Horizon AMKT AY Horizon AMKT AY
0.0314 -0.0263** 0.3179 -0.1588**
1-Day 1-Month
(0.0318) (0.0056) (0.1965) (0.0513)
0.0083 -0.0923** 0.3243 -0.1806**
2-Day 2-Month
(0.0279) (0.0221) (0.1991) (0.0485)
0.1486 -0.2139** 0.2178* -0.1841*
5-Day 3-Month
(0.0759) (0.0836) (0.1185) (0.1085)
0.1784 -0.5189** 0.2378** -0.0178
10-Day 4-Month
(0.1735) (0.2651) (0.0456) (0.0131)
0.2011* -0.2066** 0.2087** -0.0294
20-Day 5-Month
(0.1372) (0.0363) (0.0470) (0.0280)
0.3649* -0.2906** 0.1475* -0.0300
40-Day 6-Month
(0.2044) (0.0314) (0.0779) (0.0405)
0.1891** 0.0206 0.3535* -0.0258
65-Day 12-Month
(0.0355) (0.5010) (0.0266) (0.1372)

Note: This table reports the results of the second stage of the Fama-MacBeth regres-
sions. Given the co-skewness at each month t of asset i in horizon T (Y, 7) estimated
using Equation 5, the first-stage regression involves estimating the factor loading for ;. r
through the 3M-CAPM. We weigh the securities using 1/ G(SA)I-LT, where G(SA)I-LT is the
standard deviation of the residuals from the beta estimation. We also use overlapping
returns and adjusting factor loadings (ﬁ%k’ and ﬁgf"TT) standardized to a mean of zero and
a standard deviation of one in each month. Panel A in this table reports coefficients of
cross-sectional regressions that are generated as average values across all test months.
T-statistics (in brackets) of cross-sectional regression coefficients are calculated using
Newey-West standard errors with five lags to reduce the impact of overlapping returns
and also corrected by Shanken standard errors for Error-in-Variable issue. Shares listed
on the CRSP Daily Tape are considered. Panel B repeats the tests by using the CRSP

Monthly Tape. ** and * stand for 95% and 90% significance level.
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APPENDIX A:

Proof of Proposition 1: The Horizon Effect on Co-skewness (Equation 6)

Proof. Given that &7, in Equation 6 is the residual previously extracted from the CAPM re-
gression and &,7; is the deviation of the excess market return in month t from the average value

over the corresponding window, it follows:

=0 using OLS regression

EmT,t == RmT,t - RmT,t =0
Thus, co-skewness as in Equation 5 can be re-written as:

E[81T132 ] E((&ims —Eim) (€27, — Emp)]

;) =2 N\
Ele2, Ele2r) BNk — S ElEr, — Eor,)

Yit: = (A.1)

Given that E[(&; — €i1t)] = €1t — €1 = 0, the numerator can be derived as

- 2 - I N
E((eim: — &itt) (&g — Emre)) = E(&ims — €im0) (s — s + €20 — €271

- 2 - N
= E[(&irs — &i1s) (€27, — €27,)) + E[(&11 — Ei10) (€27, — Eaagy)]

- 2 =2

= E[(&1: — €itt) &y — mTt)]+E[ €14 - [efgm EnTt
- 2 -

=E[(&1:— EiTt) (&t — mTt)] +0- [ mTt ng,z]

= cov(&ry, 8,%11,). (A.2)

=2 2 =2
Similarly, \/E[(e}, — ;,)] = o (&) and E[(€2, — Ea,)] = var(eny).
Therefore, with &7, = Rit; — ﬁthRmT +— Ot and &1 = Ry — I_QmT,,, co-skewness can be

further refined as follows:

2
cov(&ir, &,r,)  cov(Riri— Biz: iR — i, Ror, — 2RmTtRmTt+RmTl)

o (&) - var(ént:) \/Vdr( Rizs — BizuRmt: — Gizs) - var(Ryg; — Ruts)

Yit: = (A.3)

We refer the returns of shortest horizon (1-Day returns in this study) as unit returns. Using
T—1

logarithmic returns, it follows that R;7;; = Y. R;j(j), 1.€., any return R;7, can be expressed as
j=0
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T—1
the sum of unit returns. This also applies to market returns, R;,7;;. That is, Ryy7r = Y. Ry (rj)-
j=0
T—1T—1

Accordingly, RmTt ( Z Runiej)* = kZO ZZO Rini,(t-k) - Rt (1)

Given that the covariance between a constant and a variable is zero and

cov(Rizs, Rutt) — Bizicov(Ruts, Rt:t)
COV(Rth,Rm]j,)
cov(Ry1s, Riut:t)

=cov(Ri1t,Rm11) — -coV(Rpytrt, Rntt) =0,

we can now rewrite the numerator of Equation A.3 as:

cov(Rit; — BthRmTt — O‘zTanTt 2R Rt +RmT;)
= cov(Riry — Bir Rt Rayry — 2Rt Rntr)
= cov(Rizs, Riyr,) — Biricov(Ruts, Rayr,)
—2-Ruzs[cov(Rizs, Ruz) — Biricov(Rnt s, Rutr)]
(A4)

(RlThR]%sz,t) - 3iT,zC0V(RmT,taR;%1T,t)
T—-1T—-1

= CO
T—1
Z Z Z coV(Ri1 1-js Rt (1-k) - R (1-1))

T-1T-17T-1

B Y Y ZCOV Runt,tjs Rt (k) * Rni () -

j=0 k=0 1=0

where f;7; can also be written as a function of unit returns,

T-1T-1

Y Y cov(Ris k), Rt -
B'T o COV(RiT,hRmZz) _ k:O l:O ( il,(t-k)s DN\ ml,(t u))
il,t —

var(Ryt¢)

): Z coV(Ru1,(1-k), Rmi,(t-u))
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Similarly, for the two terms in the denominator, we have:

\/var( Rite — BireRuts — O4tyt)

= \/COV(RiT,t = Bit;iRmzt — Cite, Ritr — BirRmte — Otize)

= \/ cov(Rizs, Rirs) — Birucov(Rizs, Ruts) — Birs[cov(Rirs, Ruz) — Biricov(Rmt s, Rut1)]

T-1T-1

= ¥ Y [cov(Rir i) Rit, ) — Birscov(Riz, ), Rt 1-))- (A.5)
k=0 u=0
and
B T—1T-1
var(Rut: — Rmtt) = cov(Rint 1, Rmt1) Z ZCOV ml(t-k)s Rl (t-u)) - (A.6)

Therefore, co-skewness can be decomposed into sums of intertemporal cross-covariance
formed using unit-returns, by using A.4 in the numerator, and A.5 and A.6 in the denominator.
That is, co-skewness measured with longer-horizon returns is a function of the length of the
horizon T, the intertemporal auto-covariance of asset unit returns and of market unit returns,
the intertemporal cross-covariance between returns of the asset and the second-order of market

returns, and the estimated betas at horizon 7':

cov (&, 81121T,z)

Yir: =
! G(Sift) 'var(emT,t)
T—1T—1T—1 . T—1T—1T—-1
Y Y cov(RitrjRui k) Rmiep) —Bire X X ): coV(R1,1-j> R (1-k) - R, (1-1))
=0 k=0 1=0 j= Ok 0 1=

T-1T-1 . T-17T-1
\/ kZO Y. [cov(Ri; (t-k)7RiI,(t—u))_BiItCOV(Ri],(t-k)7Rm],(t—u))]'kZO Zo cov(Rumj (t-k), R (1-u))
u=0 =0 u=

(A7)

]
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APPENDIX B:

Proof of Proposition 2: the “Scaling Law” (Equation 9)

Proof. There are four sums of covariance terms and a horizon-dependent beta estimate in the

decomposition of co-skewness into terms relating to unit returns, according to Equation A.7:

1. the sum of auto-covariances of asset returns,
T-1T-1
Y Y cov(Ri1-k)s Ril,(t-u))s
k=0 u=0

which includes T contemporaneous auto-covariances (corresponding to k = u) and T'(T —
1) intertemporal auto-covariances (when k # u) of asset returns.

2. the sum of auto-covariances of market returns,
T—1T-1
Y. Y cov(Rui(-k)s Rt (t-u))
k=0 u=0

which includes T contemporaneous auto-covariances (corresponding to k = u) and T'(T —
1) intertemporal auto-covariances of market returns.
3. the sum of cross-covariances between returns of asset i and a second-order term using

market returns,
T—1T—1T—1
Y Y cov(Rit ik Rt (t-u) - Rt 1-))
k=0 u=1 j=0

which includes T contemporaneous cross-covariances (corresponding to k = u = j), and
T« T(T — 1) intertemporal cross-covariances.
4. the sum of cross-covariances between market returns and a second-order term using mar-

ket returns,

T-1T-1T-1

Y. Y cov(Rut ks Rl (t-u) - Rmii-j))
k=0 u=1 j=0

which includes T contemporaneous cross-covariances (corresponding to k = u = j), and
T «T(T — 1) intertemporal cross-covariances.

5. the beta estimate

T—1T-1
Y Y cov(Ris k), R i
B‘ _ cov(RiTs, Rm1) _ #5015 (Ri (t-k)> Poml (1 w)
i var(Ryr:) T—1T-1

Y Y cov(Rui t-k), R (t-u))
k=0 1=0
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Given stationary returns and for unconditional estimates, the four contemporaneous co-
variance terms equal to cov(R;; 4, Ri11), coV(Rm1 1, Rmis), cov(Ru,t,Ri]’t) and cov(RmI,,,R%”’t),
respectively and there are T of each one of the these.

In the “perfect market” proposed by Hawawini (19805), securities display no intertemporal
cross- and auto-correlations. In this case, beta is constant over all horizons, as documented by

Hawawini (19800),

T-1 PimiPim,
B COV(Rijjt,RmZt) T+ s=1 (T _S) l;im,t t

Bi];t — il,t* —
T+ 22?:11 (T - S)pgm,t

= Bir.r- (B.1)

var(Ryr+)

Similarly, in the absence of the intertemporal cross- and auto-covariance terms described

above, Equation A.7 can be rewritten as:

cov(&ry, 81121T,t)
o (&) - var(&mr:)
T- COV(Ri],taRm],t : Rm],t) - ﬁil,tT : COV(Rm],an],t : le,t)

\/T : COV(Ri],taRiI,t) - Bi],tcov(Ri],taRm],t) -T- COV(Rm],thm],t)
1

\/T “Yilt

Yir: =

(B.2)

That is, in contrast to the earlier findings of the horizon effect on betas in the literature, in a
market where intertemporal cross- and auto-covariance terms are equal to zero, coskewness is
still horizon dependent. In this extreme case, with the lengthening of the measurement horizon,

unconditional coskewness converges to zero, highlighting a “scaling law” of co-skewness.
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APPENDIX C:

Robustness Check on Co-skewness Estimated Using a 15-year Window

We use non-overlapping returns over a 5-year period to estimate parameters for our main
tests, Table 2. There is no agreement in the literature regarding the choice of the length of
the estimation window and of using non-overlapping returns versus overlapping returns. Using
a S-year estimation window is a common choice in the literature because of concerns about
parameter stationarity.

There is an active debate on the impact of the length of the estimation window on the
horizon effect. Longer estimation periods are also widely used in the research on the horizon
effect or when low frequency data is tested. Perron et al. (2013) and Handa et al. (1989) use
returns over a 15-year period to estimate betas and in analysing the sensitivity of betas to the
investment horizon. Chan and Chen (1988) suggests that betas estimated using an estimation
period as long as a 30-year window are greater than those estimated from returns over 5-year
periods.

Thus, in this section, we check whether the horizon effect on co-skewness is robust to the
choice of estimation window. We use a 15-year window, as suggested by Perron et al. (2013)
and Handa et al. (1989). This allows more observations in testing our estimates across longer
return horizons, but not at the expense of the accuracy of estimation. Empirical results are

illustrated in Table C.1.

TABLE C.1 ABOUT HERE

Overall, our results are found to be consistent. Considering market capitalization as a proxy
for price delay, the magnitude of the horizon effect for smaller securities is inversely related
to company size, and vice versa. Co-skewness estimates for firms in portfolios MC18 are still
least affected (with the smallest estimation variation). Table 2 and Table C.1 are not strictly
comparable because the estimation period are different. Both tables suggest, however, that the
horizon effect is significant across a large range of investment horizons and highly related to

friction in the trading process, highlighted by the dependence upon firm market capitalization.
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APPENDIX D:

Robustness Check on Co-kurtosis

In this paper, we focus on testing the sensitivity of co-skewness to the investment horizon.
It is also interesting to test the horizon effect on higher-than-3"¢ order co-moments. Building
on the 2-moment and 3-moment asset pricing models, Fang and Lai (1997) and Dittmar (2002)
suggest a four-moment capital asset pricing model by including co-kurtosis. Co-kurtosis is
defined as the component of an asset’s kurtosis that is related to the market portfolio’s kurtosis.
Thus, given our findings for co-skewness and previous work on betas, it is reasonable to expect
that co-kurtosis may also be sensitive to the horizon.

Similar to Kostakis et al. (2012), we estimate co-kurtosis as an extension to the co-skewness

measure of Harvey and Siddique (2000):

Elei,€3
6i7:t: [ iTt mT,t] (Dl)

\/ E [gizfz]E[S%T,t]

where &7 = [Rit: — Ryri| — [0t + Biti (Rt — Ryry)] is the residual previously extracted in

Equation 4 from a CAPM regression and &,7; is the deviation of the excess market return in
month t from the average over the corresponding window.

Empirical results are shown in Table D.1. Panel A shows the estimated co-kurtosis for MC
portfolios, which indicates the existence of an horizon effect on co-kurtosis. Moreover, the
relationship between the horizon effect and firm size holds when co-kurtosis is tested. All three
tests in Panel B confirm that the magnitudes of the horizon effect are also significant. The size
related U-shape pattern, as shown for co-skewness estimates, is not obvious, although generally

portfolio MC18 is least affected by the choice of investment horizon.

TABLE D.1 ABOUT HERE

These findings highlight the importance and potential implications of our detailed investi-
gation on co-skewness in the main body above. The horizon effect on co-skewness is not just
a replication or sequel to those on alpha and beta. Instead, the horizon effect is a pervasive

concern with implications throughout many aspects of asset pricing.
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Table C.1:
Appendix: Testing the Horizon Effect on Co-skewness of Portfolios Using a 15-year Estimation Window.

Panel A: Mean Co-skewness of Each Portfolio Panel B: Measures of Estimation Variations
Portfolio (1\1\//[1?11 iag) I-Day 2Day S5Day 10-Day 20-Day 40-Day 65-Day s:l‘:s:l Repeiﬁgfﬁ““res Es‘g‘i‘::""
MC1 9.0 -0.362  -0.421 -0.322  -0.257 -0.148  0.091 0.064 0.189* 47827 1.219%+*
MC2 14.3 -0.338  -0.427 -0.349 -0277 -0.082  0.138 0.107 0.213* 444 .49+ 1.471*
MC3 19.7 -0.437  -0.534 -0.387 -0.321 -0.130  0.113 0.122 0.245% 466.73** 1.654***
MC4 259 -0.338  -0.464 -0.321 -0.215 -0.053  0.173 0.175 0.235% 440.24* 1.580"*
MC5 329 -0297 -0.454 -0.305 -0.222  -0.093  0.147 0.187 0.223* 419.18*** 1.425%+*
MC6 41.1 -0.280 -0.405 -0.308 -0.254  -0.047  0.170 0.243 0.233* 433.10%* 1.565**
MC7 50.9 -0269 -0.401 -0.310 -0.284  -0.107  0.155 0.220 0.224* 436.21"** 1.424%+*
MC8 62.8 -0200 -0.335 -0.259 -0.231  -0.047  0.209 0.235 0.213* 364.33"* 1.375%*
MC9 78.0 -0.120 -0.315 -0.227 -0.194 -0.014  0.201 0.209 0.191% 327.86** 1.237*+*
MC10 97.1 -0.065 -0.299 -0.228 -0.246  -0.104  0.090 0.148 0.159** 175.21%+* 0.946**
MC11 120.5 -0.037 -0.244 -0.1539 -0.146 -0.015 0.179 0.179 0.153* 169.77** 0.913*
MC12 151.2 -0.041 -0.279 -0.194 -0.231 -0.119  0.085 0.136 0.147* 164.17** 0.883"**
MC13 192.9 0.000 -0.245 -0.133 -0.161  -0.038  0.119 0.143 0.134* 131.87*** 0.801***
MC14 248.4 -0.077 -0.287 -0.193 -0.228  -0.062  0.108 0.105 0.145% 171.00*** 0.873**
MC15 330.1 0.019 -0.204 -0.120 -0.192 -0.076  0.033 0.056 0.100*** 74.54*+* 0.623***
MC16 458.2 0.073 -0.194 -0.125 -0.224 -0.140 -0.056 -0.055 0.093*** 73.67** 0.533%
MC17 666.2 0.036 -0.199 -0.081 -0.114 -0.092 -0.009 -0.014 0.073** 59.89*** 0.428***
MC18 1054.8 -0.004 -0.182 -0.092 -0.189  -0.153 -0.101  -0.182 0.063*** 35.67** 0.356"**
MC19 1938.1 -0.019 -0.121 -0.035 -0.162 -0.227 -0279 -0.327 0.109*** 52.66*** 0.722+*
MC20 24500.0 0316  0.284 0.223  0.189 0.173 0.102 0.095 0.078** 86.22"** 0.470**

Note: This table illustrates the robustness of results for co-skewness estimates of securities estimated using a 15-year estimation window. The value-weighted
returns of these stocks are used as the market index. Value-weighted returns are calculated for 20 market capitalization sorted portfolios. The first, MC1, contains
the smallest 5% of firms and the last, MC20, contains the largest 5%. For each MC portfolio and each horizon, we compute co-skewness at each month from
August 1977 to December 2015 using previous 15-year periods. This table illustrates the averages of 462 estimated portfolio co-skewness estimates. In Panel
B, the standard deviation, repeated measure ANOVA tests and estimation bias estimates (or EBy,; as in Equation 10) are used in detecting the magnitudes of the
horizon effect. *** indicate the rejection of the null hypothesis at a 1% level.
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Table D.1:
Co-Kurtosis of Market-Capitalization Portfolios Estimated using Value-weighted Market Index, CRSP 1962-2015.

Panel A: Mean Co-skewness of Each Portfolio Panel B: Measures of Estimation Variations
Portfolio (1\1\//[1?11 iag) I-Day 2Day S5Day 10-Day 20-Day 40-Day 65-Day s:l‘:s:l Repeiﬁgfﬁ““res Es‘g‘i‘::""
MC1 12.29 -0.975 -0.492 -1.079 -0458 -0.181 -0.339  -0.603 0.337+ 518.26"* 4.630%
MC2 20.83 -1.218  -0.657 -1.233 -0.286  0.014  -0.358  -0.506 0.532% 519.45%* 7.349%
MC3 29.77 0.141  -0.123 -1.090 -0.302  0.054  -0.039 -0.472 0.499* 568.25%* 4.730%
MC4 40.26 -0.640 -0.079 -0.748 -0.120  0.295 0.119  -0.530 0.444+ 521.09*** 6.259***
MC5 52.51 0.587 0530 -0.540 -0.138  0.268 0.300  -0.171 0.425% 530.07** 3.647%*
MC6 66.95 L.711 0593 -0.569  0.003 0.401 0522 -0.039 0.706** 523.34%* 5.329%
MC7 84.65 -0913  -0.608 -1.018 -0.283  0.097 0.184  -0.247 0.497+ 479.22%** 6.109**
MC8 105.41 -3.562  -1.657 -1.927 -0.717 -0.074  0.127  -0.271 1.153%* 381.23** 12.110"**
MC9 131.55 -1.773  -1.031 -1.417 -0.645 -0.079  0.469 0.001 0.803* 455.29%* 8.453**
MC10 162.83 -0.629 -0.088 -0.771 -0.284  0.284 0.737 0.170 0.590** 423.24*+* 6.139"+*
MC11 203.47 -0.096 0380 -0.849 -0.381 0.061 0.618 0.301 0.556*** 446.17* 4.553%
MC12 256.48 2.009 1368 -0.194 -0.325 -0.087  0.476 0.139 0.758"** 373.21% 4.866""*
MC13 326.53 1.633 0972 -0.194 -0.133  0.128 0.671 0.022 0.610** 378.57* 4.168**
MC14 419.37 1.404 0.849 -0.512 -0.494 -0.387 0.424 0.169 0.684** 377.83** 4.984+
MC15 557.17 1.748 0918 -0.236 -0.434 -0.268  0.356 0.075 0.688"** 242.16*** 4.446*
MC16 768.68 1.829 0960 0.003 -0.343 -0428 -0.307 -0.316 0.721% 11151 4.959**
MC17 1108.56 1.565 1.261 0.174 -0.149 -0.374  0.294 0.071 0.608"** 77.87* 6.415"+*
MC18 1767.84 -3.165 -1.159 -1.595 -1.519  -1.793  -1.596  -1.031 0.589** 76.76*** 4.182%*
MC19 3522.59 -0.743  -0.140 -0.862 -1.249 -1978 -1.792  -1.501 0.583** 104.52%+* 8.133*+*
MC20 41700 -1.380 -1.068 0.130  0.353 0.624 0.470 0.317 0.660*** 53.44% 5.904*+*

Note: All stocks during 1962 to 2015 on the CRSP daily tape are used. Co-kurtosis estimated using value-weighted portfolios returns and market index, and
using value-weighted returns are illustrated in Panel A and Panel B, respectively. Stocks are sorted into 20 market capitalization equal-size portfolios. The first,
MC1, contains the smallest 5% of firms and the last, MC20, contains the largest 5%. For each MC portfolio and each horizon, we compute the co-kurtosis at each
month from August 1967 to December 2015 using previous five-year periods. This table illustrates the averages of all estimated portfolio co-kurtosis estimates.
In Panel B, the standard deviation, repeated measure ANOVA tests and estimation bias estimates (or EBy,; as in Equation 10) are used in detecting the magnitudes
of the horizon effect. *** indicate the rejection of the null hypothesis at a 1% level.
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