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Optimally weighting higher-moment instruments
to deal with measurement errors in financial return models

Abstract

Factor loadings are often measured with errors in financial return models. However, these
models find applications in many fields of economics and finance. We present a new
procedure to optimally weight two well-known cumulant (higher moments) estimators
originally designed to deal with errors-in-variables. We develop a new version of the
Hausman test which relies on these new instruments in order to build an indicator of
measurement errors providing information about the extent of the bias for an estimated
coefficient. We apply our new methodology to a well-known financial return model, i.e. the
Fama and French (1997) model, over a sample of HFR hedge fund returns, whose distribution
is strongly asymmetric and leptokurtic. Our experiments suggest that the market beta is biased
by measurement errors, especially at the level of hedge fund strategies. Nevertheless, the
alpha puzzle remains robust to our cumulant instruments.

Keywords: Cumulant instruments; Asset pricing models; Hausman test; Risk premium;
GMM.
JEL classification: C13, C19, C58, G12, G23.

1. Introduction

Factor loadings are often measured with errors in financial return models. For
instance, many studies have found that the market risk premium is measured with errors
whilst estimating the CAPM model (Shanken, 1992; Campbell et al. 1997). In that respect,
the most severe critique addressed to the estimation of the market beta concerns the large
measurement error associated with the selection of the stock market index used to define the
market risk premium (Roll, 1977). Even before the Roll’s critique, measurement errors were
detected in the two-pass framework implemented by Fama and McBeth (1973) to estimate the
CAPM model. The estimation of the APT model is not exempt from measurement errors
because the macroeconomic time series used to estimate this model incorporate large errors

(Chen et al., 1986). Consumption-based financial returns models like the C-CAPM are also
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plagued with measurement errors associated with the macroeconomic times series used to
estimate the models, i.e. consumption and wealth (Cochrane, 2005). Lettau and Ludvigson
(2001) have dealt with this problem by building a proxy to the usual factors which enter in
the estimation of the C-CAPM. In that respect, they resort to the residuals of the cointegrating
vector pulling together consumption, asset wealth and labor income to solve the measurement
error problem, these residuals being a strong predictor of market returns. Finally, Meng et al.
(2011) propose a simple method they call OLIVE for estimating market betas when factors
are measured with errors in the setting of the C-CAPM.

Factor return models find applications in many fields of economics and finance, and
especially in corporate finance. For instance they are used in event studies to compute the
cumulative abnormal return (CAR) of a merger or more generally to analyze the effect of
news (Campbel et al, 1997) on the value of a merger or an acquisition. Moreover, the betas
also enter in the computation of the cost of equity, an important ingredient in the valuation of
an investment project. Betas also serve to measure systemic risk in many macroeconomic and
financial studies, like studies evaluating the effect of financial deregulation on bank systemic
risk (Stiroh 2006, Uhde and Michalak 2010). It is thus important to adjust the betas for their
measurement errors to avoid the biases associated with these errors.

To deal with measurement errors in financial returns models, we design instruments
which are appropriate when the distribution of the variables under study is not Gaussian, i.e.
when it is asymmetric or leptokurtic. More precisely, we propose a new weighting of two
well-known cumulant instruments originally designed to tackle errors-in-variables, which are
the Durbin (1954) and Pal (1980) estimators, and use it as an input to the two-stage least
squares (TSLS) and the generalized method of moments (GMM) estimations. Our new
optimal instruments are in line with the works of Fuller (1987), Dagenais and Dagenais

(1997), Cragg (1997), Lewbel (1997), Coén and Racicot (2007) and Meng et al. (2011). Itis
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well-known that the Durbin and Pal’s instruments lack robustness (Cheng and Van Ness,
1999) and they thus tend to be neglected by the academics. We show that the robustness of
the cumulant instruments can be improved by weighting them optimally. Moreover, we show
the equivalence of this procedure with our version of the Hausman artificial regression, which
is actually an augmented TSLS, a mapping between two estimation procedures neglected in
the literature. To illustrate our method, we estimate the augmented Fama and French (1997)
model using a sample of returns defined over 22 hedge fund strategies. The distribution of
these returns is highly asymmetric and leptokurtic so the cumulant instruments seem a priori
relevant for dealing with the problem of measurement errors in this reduced-form model. In
that respect, we particularly focus on the measurement error related to the market risk
premium, an unobserved key economic and financial variable, which leads to a correlation
between this variable and the model residuals. According to the new indicator for
measurement errors we build, we find that the ordinary least-squares (OLS) estimation of the
betas may be quite biased, especially at the disaggregated level of the hedge fund strategies.
This article is organized as follows. In section 2, we present the econometric
methodology. In section 3, we provide the descriptive statistics of our dataset and the

discussion of our empirical results. Section 4 concludes.

2. Econometric methodology

2.1. The Fama and French (F&F) model
In this paper, we aim at estimating the well-known augmented F&F (1997) model,
which is:

R,—R,=a+p (R, ~R,)+B,SMB, + BHML, + BUMD, +z, (1)
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where (R, — Ry;) represents the excess return of a portfolio, in our case the portfolio of a hedge
fund, over the risk-free rate (R;) and (R, — Rj) is the market risk premium. SMB, HML and
UMD are long-short mimicking portfolios defined respectively on capitalisation (SMB), book-
to-market ratios (HML) and momentum (UMD). We aim at testing the hypothesis that the

factor loadings, —-R , —R,, SMB, HML and UMD —, are measured with errors. We now

fr2

present cumulant instruments and an Hausman procedure designed to test our hypothesis.

2.2. An optimal combination of Durbin and Pal’s instruments
Using the method of moments, Durbin (1954) proposes the following estimator, based
on third-order moment and co-moment, to identify the parameter of a simple univariate

regression model whose explanatory variable is measured with error:

po==3 @

where s, is a third-order co-moment between the dependent variable y and the explanatory

variable x and s’ is the third-order moment of x, defined as:

n

si=(n-1)" > (% -x%) 3)
and
S = (=)' 207 (-7 @)

Subsequently, Pal (1980) derives an estimator based on the fourth-order moment and co-

moment of the variables of a model, defined as:

r ey —3(2)62 /n)s@,
b= st —3(Zx2 /n)sf, ©)
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with s :(n—l)f1 (»,—-7)(x,—X) and . :(n—l)f1 (x, —)?)2. Equation (5) provides
i=l i=1

an estimator which is a ratio of cumulants, the numerator being a co-cumulant and the

denominator, the fourth-order cumulant, a combination of kurtosis and variance (Stuart and

Ord, 1994; Malevergne and Sornette, 2005). In the case of a multivariate regression model,

the higher moment or cumulant instrumental variables corresponding to these two estimators

are respectively (Fuller, 1987; Racicot, 1993):

XOX (D
and

xoxox -3x[Dely] (2)
where x is the matrix of the explanatory variables expressed in deviation from their mean,
D = (x"x/N), a diagonal matrix, and where the symbol e stands for the Hadamard product,
an element by element matrix multiplication operator. Dagenais and Dagenais (1997) add to
these two instruments other cumulants and co-cumulants which were also used previously
as instruments by Durbin and Pal in order to identify the parameters of a model containing
variables measures with errors. The complete list of the cumulant instrumental variables

proposed by Dagenais and Dagenais (1997) is reported in Table 1.

Insert Table 1 herd

To increase the robustness of these cumulant instruments and reduce their well-known
instability, Dagenais and Dagenais rely on Fuller's (1987) instrumental variable (IV) estimator
to weight them. They note that the resulting combination seems to perform better than the
estimators taken separately. But Dagenais and Dagenais were not very specific on the
weighting matrix to use. As shown in Racicot (1993), we can prima facie rely on a

Generalized Least-Squares (GLS) weighting of Durbin (1954) and Pal (1980) estimators,

respectively equal to 3, = (ﬁf x)f1 7y and B, = (71'2T x)fI 7y, for identifying the parameters
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of a model containing measurement errors. In these expressions, all the variables are

expressed in deviations from their means with 7, =[xﬂ, 7, =7, —3D(xT x/N )xT , and

T, = [x;] . We obtain the new estimator £, :

5, - q{ﬂ G)

where @ is the GLS weighting matrix. Note that this weighting approach, which relies on
GLS as the weighting matrix, is optimal in the Aitken’s (1935) sense'. However, we rather
use the GMM method to weight the Durbin and Pal’s estimators, an obviously more efficient
method than Dagenais and Dagenais’ procedure since we rely on the asymptotic properties of
the GMM estimator with respect to the correction of heteroskedasticity and autocorrelation to
weight the instruments obtained with GLS.

More specifically, the list of instrumental variables may be extended to other moments
and comoments (Table 1) but, in line with Dagenais and Dagenais, we retain the triplet {z, z,,
z4}, 1.e. respectively the constant and the Durbin and Pal’s estimators, because the results
seem more robust when using this subset of instruments rather than the whole set reported in
Table 1. Since the F&F model we estimate (Equation (1)) comprises four explanatory
variables, the number of instruments related to cumulants thus amounts to eight, that is one z;
and one z, for each explanatory variable of the F&F model. In the case of our model, the set
of z variables is therefore: Z = {zy, zj;, z12, 213, Z14, Z41, Z42, Z43, Z44}. Our GMM formulation,

called GMM-z, obtains®:

arg min {n (2" (v-xB) [ W[z (y- Xﬁ)]} 4)

B

! Note that we use @ as weighting matrix in the GLS estimator (equation (3)). As well-known, this matrix can be replaced by White (1980)
asymptotically consistent variance-covariance matrix. The properties of this estimator, named S are discussed in the aforementioned
reference. Actually, we implicitly use an augmented version of this estimator in this article.

? See Racicot and Théoret (2001), chap.11, for an introduction to the GMM and its applications in finance.
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with W, a weighting matrix. This method may provide a robust estimator accounting for the
autocorrelation, heteroskedasticity and other usual econometric problems encountered in

financial experiments.

2.3. The Hausman artificial regression

Using a standard regression model:
Y=XB+g (5
assume that X is observed with errors. Its observed value, X, is thus equal to:
X=X +v (6)
with vbeing a matrix of random variables assumed to be normally distributed.
Substituting (6) in (5), we have:
Y=XpB+c (7)
with &€ =g—vp
Obviously, X is correlated with €, which creates an endogeneity issue. To tackle this
problem, we first regress the explanatory variables X on the matrix Z, which contains the
Durbin and Pal cumulants given by Equations (1) and (2) to obtain X:
X=20=-2(2'2) Z’X=P,X (3
where P, is the conventional “predicted value maker”. Having run this regression, we extract
the matrix of residuals W :
W=X-X=X-P,X=(I-P,)X (9
We can write:

X=X+Ww (10)
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Substituting (10) in (7), we have:
Y=Xp+wp+e  (11)
Since we assume measurement errors so that coefficients estimated by OLS are biased, we

replace the coefficients B associated with W by the mute coefficient vector 0 :
Y=XB+WO+¢' (12)
To express (12) in terms of X, the vector of observed variables, we replace X by its value
given by (10):
Y=Xp+wh+e' (13)
where L =0-p (Pindyck and Rubinfeld, 1998, pp. 195-197). Then we estimate (13) with

OLS. An F'test on the A coefficients indicates whether they are significant as a group whilst a
t test on the individual coefficients indicates whether they are measured with errors. The

vector f computed by running OLS on (13) is identical to a TSLS estimate, that is:
B=Prss =(X'P,X) X'P,Y (14)

To estimate (13), we use our combination of Durbin and Pal instruments. After substituting
the computed Wwin (13) and running OLS, we obtain a new procedure which is a mapping
from the TSLS to the Hausman artificial regression.

To complete this study on measurement errors using cumulants as instruments, a test
on the magnitude of these errors is required. To build this test, we rely on the Hausman
(Hausman, 1978; McKinnon, 1992; Coén and Racicot, 2007) artificial regression, as given by

(13), which we write as:
Y =XPBrgs + WA+E (15)
where W is the vector of the residuals of the regressions of each explanatory variable on the

instrument set. As indicated in (15), the vector of estimated coefficients of the explanatory
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variables is identical to the one resulting from a conventional TSLS procedure using the same
set of instruments (Spencer and Berk, 1981). This result, overlooked by Dagenais and
Dagenais (1997) and other more recent researchers on this topic (Meng et al., 2011),
increases the usefulness of Equation (15), and stands for a new way to formulate a TSLS
incorporating directly an Hausman errors-in-variables test on each coefficient. Relatedly, in
this equation, each explanatory variable x; has its corresponding w;. The associated coefficient
A; allows detecting measurement errors on x;. If it is significantly positive, the corresponding
pi is overstated in the OLS regression and vice-versa if it is significantly negative. Our
estimated coefficients 4; are thus new indicators of measurement errors which we formalize by

the following empirical relationship:

A

Spread, = (ﬂz‘x,OLS _B[S,TSLS) =7, + /Z\-lj:[s +&, s=1lton (16)
where s stands for a specific hedge fund strategy. To sum up, Equation (12) is another way to

set up a TSLS but one may prefer this formulation to the one represented by a conventional

TSLS in view of the useful information conveyed by this equation.

|Insert Table 2 here|

2.4. The estimation methods and the instruments

The full set of the estimation methods we use in this paper is reported in Table 2. As
shown in this table, we rely essentially on three estimation methods: the Hausman method we
just described, the TSLS and the GMM. To estimate these IV methods, we resort to three
groups of instruments: i) the simple higher moment instruments (4m), which are the higher
moments of the explanatory variables proposed by Fuller (1987) and Lewbel (1997); ii) the z
instruments; 1ii) and the d instruments, or the distance variables. The Am instruments were
originally proposed by Fuller (1987) and Lewbel (1997) in line with Dagenais and Dagenais

(1997). This set of instruments is built with the higher-order moments of the dependent and
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explanatory variables up to power 3. These instruments are computed in deviations from their
means. The d instruments, which may be considered as filtered versions of the endogenous
variables, are defined as follows:

d,=x,—X, (17)
This variable removes some of the nonlinearities embedded in the x,. They are thus a

smoothed version of the x, which might be seen as a proxy for its long-term expected value,

the relevant variable in the F&F model which is theoretically formulated on the explanatory

variables expected values. To compute the x,, in (17), we perform the following regression:

X, =V, tZO+¢, =X, +¢, (18)
which amounts to run a polynomial adjustment on each explanatory variable.
Summarizing, we resort to three sets of instruments to estimate Equation (1) in this
paper: the Am, the z (cumulants) and the d (distance) variables. We combine these instruments
with our three estimation methods to obtain respectively HAUS-hm, HAU-d, TSLS-hm,

TSLS-z, TSLS-d, GMM-hm, GMM-z, and GMM-d’.

3. Empirical results

3.1. Data
Our sample of hedge funds is composed of the monthly returns of 22 HFR (Hedge
Fund Research) indices classified by strategies or groups of strategies. The observation
period runs from January 1990 to December 2005, for a total of 192 observations. The risk

factors (factor loadings) which appear in the F&F equation, — that is the market risk

? Note that we do not report the results of the HAUS-z method because of its low performance.
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premium and the three mimicking portfolios: SMB, HML and UMD, — are drawn from the

.4
French’s website".

|Insert Table 3 here|

Table 3 provides the descriptive statistics of the 22 HFR selected strategies. The hedge
fund indices are sorted by the R’ resulting from the OLS estimation of the F&F model over
the period 1990-2005. We note that the F&F model performs poorly for very specialized
hedge fund strategies, like the fixed income arbitrage, convertibles and macro ones. But it
seems much more performant to explain the returns of the strategies which dominate the
hedge fund industry, which are the equity hedge’, fund of funds and equity non hedge
strategies.

At an annualized value of 14.5% over the 1990-2005 period, the mean return of the
hedge fund composite index was higher than the 11.5% realized by the S&P500. However,
there is a great dispersion of returns over the strategies. The annual return of the short selling
index was a meagre 4%° while the equity hedge index, associated with the most important
strategy in the hedge fund industry, displayed a return as high as 17.5%.

A stylised fact about the distribution of hedge fund returns is its degree of kurtosis.
Actually, the returns kurtosis of the hedge fund composite index was 5.30 over the 1990-2005
period compared to 3.73 for the S&P500. In Table 3, kurtosis ranges from a high of 14.71 for
the merger arbitrage index to a low of 2.46 for the market timing one. Incidentally, the equity
hedge strategy, the most important one in the hedge fund industry, has a kurtosis of 3.92 over
the period 1990-2005, a level similar to the S&P500. Furthermore, the skewness of hedge
fund indices is quite high for some strategies like merger arbitrage, event-driven and fixed

income arbitrage.

% The address of the French’s website is: http:/mba.tuck.dartmouth.edu/pages/faculty/ken.french/data_library.html.
* The equity hedge strategy is often called "long-short strategy".
¢ According to the CAPM, this low return can be explained by the negative beta of this strategy.
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3.2. The empirical models

The transposition of our general Hausman artificial regression (Equation (13)) to the

F&F model (Equation (1) is:

4
sz - th =gt :Bl,TSLS (Rmt - Rﬁ ) + ﬂZ,TSLSSMBt + ﬂ},TSLSHMLt + ﬂ4,TSLSUMDt + Z&'Wn té, (19)

i=1
The estimated coefficients 4, which are equal to 6 — £, allow detecting measurement errors,

and their estimated signs indicate whether the corresponding variable is overestimated or
underestimated in the OLS regression. Equation (19) is estimated using a hedge fund sample
of 22 Hedge Fund Research (HFR) monthly indices (strategies) observed over the period
running from January 1990 to December 2005’. To estimate this equation, the OLS is used as
benchmark. The other estimation methods are listed in Table 2.

Table 4 provides the R of the regressions for the categories of instruments used in this
article. We note that d instruments are the most performing in terms of R’ followed closely
by the 4m instruments. The R’ of the z instruments are quite lower, so it seems important to

transform them in d instruments to increase their performanceg.

|Insert Tables 4 and 5 here|

Since the d instruments are new in the literature, we present in Table 5 the regressions

of the explanatory variables on the d instruments. These results suggest that they can be

7 We voluntarily choose a sample observed before the US subprime crisis in order to have a more stable observation period, period which
corresponds to the Great Moderation in the United States. Nevertheless, the sample includes two crises: the Asian crisis (1997) and the
technological bubble (2000-2001). The analysis of the subprime crisis, which was much more important than the two previous ones, is left to
further research when more data on the subprime crisis will be available.

% In another article, we also estimated the F&F model with conventional instruments like the predetermined variables of the model and also
other usual instruments like the Chen-Roll-Ross (1986) factors, which are the industrial production, the consumer price index, the spread
between long and short term bond yields, the spread between BBB and AAA corporate bonds yields and the dividend yield of the S&P500
(Racicot et al. 2011). The R’ was lower than the one obtained with the z instruments, so we do not rely on the conventional instruments in
this article.
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considered as strong instruments. In fact, each risk factor has its own instrument to which it is
related by an estimated coefficient close to 1. In that respect, these instruments are
uncorrelated to the innovation term of Equation (19). As mentioned before, the R’ of these

regressions are also quite high.

lInsert Table 6 herd

Table 6 reports the estimation of Equation (1) for the six selected methods. The results
are averaged over the 22 HFR strategies. As justified previously, the coefficients estimated
with the TSLS and the Hausman regressions are identical. According to the R’, the z
instruments are relatively weak compared to the d and Am ones, which display a similar
performance. For instance, the R’ obtained with the TSLS-z and GMM-z are both equal to
0.32 while this statistic is about 0.45 using the two other categories of instruments. Moreover,
the estimation methods which seem to perform the best are the HAUS-hm and HAUS-d
methods, their R’ being respectively 0.48 and 0.47. Furthermore, the DW statistic does not

signal any serious residuals autocorrelation problem regardless the estimation method used.

3.2.1 OLS estimations

Let us look more closely at the OLS results more closely. First, the alpha of Jensen’, a
measure of the absolute return, is high over the estimation period, being equal to 0.43% on a
monthly basis and significant at the 1% threshold. This is in line with the studies on the alpha
puzzle prevailing in the hedge fund industry. Second, not surprisingly, the estimated market
beta is low in the hedge fund industry, being estimated at 0.20 during the period 1990-2005
and significant at the 1% level. The sensitivity of the returns of the representative hedge fund
to the stock market is thus low. The estimated coefficient of SMB is equal to 0.13 and

significant at the 1% threshold. Then, there seems to be a herd-like behaviour in the hedge

° The alpha is the constant in the F&F model.
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fund industry regarding the investment in small firms (Haiss, 2005)'°. This can be explained
by the small firm anomaly, i.e. a higher risk-adjusted expected return for small capitalization
stocks versus larger capitalization stocks. Indeed, small firms are confronted to a severe
asymmetry problem at the level of financial reporting, which explains in part the small firm
anomaly“. The sensitivity of hedge funds to HML is smaller than to SMB, the coefficient
being equal to 0.07 and significant at the 1% threshold. Finally, consistent with other studies,
the sensitivity of hedge funds to the momentum of stock market, UMD, is much lower, at 0.04
and significant at the 1% threshold. Therefore, the representative hedge fund does not seem to

track the stock market trend.

3.2.2 The IV estimations

Using the whole sample of hedge funds strategies, a comparison of the average
estimated coefficients of the OLS to those of the IV methods first suggests that the alpha is
not very sensitive to the estimation method used. For instance, it is equal to 0.4283 when
using the OLS method, with a low 0.3713 associated with the TSLS-z method and a high of
0.4309 associated with the GMM-hm method. Moreover, these coefficients are all significant
at the 1% level, regardless of the estimation method used. The alpha puzzle is thus robust to
the IV estimation methods we consider. Second, our estimations allow detecting non-
negligible measurement errors. In this respect, the market risk premium displays the highest
measurement errors. For instance, computed over the 22 HFR indices, the mean beta is equal
to 0.23 and significant at the 1% level. The range of the estimated betas varies from a low of
0.19, obtained with the GMM-d and the TSLS-d methods, to a high of 0.29, associated with
the TSLS-z. There is thus a wide range of possible values for the market beta according to the

IV method used. The importance of the bias caused by measurement error may be captured by

' This result is also consistent hedge investment in techno stocks and startups companies during the dotcom boom (McGuire et al., 2005).
' Note that small firms are usually riskier than big ones but the small firm anomaly refers to the risk-adjusted return.
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the coefficient of the respective w of the market risk premium. Using the HAUS-d method,
this coefficient is equal to 0.06 but insignificant, which, according to this test, suggests an
overstatement of the hedge fund beta by the OLS method. Note that there are seven strategies
for which the coefficient associated with w is significant at the 5% threshold, with a
maximum ¢-statistic of 3.58 for one strategy, which suggests a serious overstatement for the
associated strategy in this case (Table 6). Using the HAUS-hm, the coefficient of the w
artificial variable associated with the market risk premium is equal to -0.05 and significant at
the level of 10%, which suggests that OLS understates the beta. And actually, the
corresponding GMM-hm method attributes a higher beta to the representative hedge fund than
the GMM-d one, 0.21 versus 0.19. In that instance, with the HAUS-hm method, there are nine
strategies displaying a significant coefficient for the w variable at the usual thresholds with a
maximum ¢ value of 5.19, which suggests a serious understatement for the associated strategy.
Furthermore, for the HAUS-hm strategy, there are also nine strategies having an UMD
coefficient significantly measured with errors.

However note that the direction of the bias related to the coefficient of the market risk
premium is ambiguous. Indeed, the #m instruments give rise to a systematic overestimation of
the market beta whilst the d instruments entail a systematic underestimation of the beta. The
results are thus sensitive to the instruments used to deal with the measurement errors problem.
They cast doubt on previous studies dealing with the endogeneity issue embedded in the F&F
model with only one kind of instruments. It seems that some a priori information, like
Bayesian or inside information, is required to help identify the direction of the bias caused by
measurement errors, which is the case with many economic reduced-form models.

Summarizing, the two Hausman methods reported in Table 6 provide consistent results
and detect seemingly more measurements errors at a disaggregated level, as expected,

aggregation having a tendency to reduce measurements errors among strategies. Indeed, it is

Telfer School of Management, WP.2012.02 16



well-known in finance that aggregation of securities diversifies (dilutes) idiosyncratic risk.

The same phenomenon is at play here.

|Insert Table 7 here|

3.2.3. The measurement errors indicator

To test for the relevance of our estimation errors indicator for the market beta of our
hedge fund strategies, we rely on the estimation of Equation (16). Table 7, which is built with
higher moment instruments, shows the high positive correlation between the coefficients of
measurement errors, the 4, and the spread between the coefficients estimated with the OLS

and HAUS-hm methods. Regressing the spread on the A, we obtain the following result:

spread _hm =By s ous = Be s, s ) =-0.0003+0.562 4 +¢ (20)

(011 (1973)
with a R? of 0.95 and the #-statistics of the estimated coefficients reported in parentheses. This
equation reveals that there are significant measurement errors for the conventional beta at the
disaggregated level for the hedge fund strategies. Figure 1, which plots Equation (20) along
with the observed values, shows the close relationship between the spread and 4 when using

higher moments instruments.

|Insert Figure 1 about here|

Similarly, Figure 2 plots the results of the estimation of the same equation with the

optimal d instruments. Equation (21) obtains:

spread _d =By, ous = B, n, rus) = 0001+ 0,165 4 +&  (21)

(1.97) (39.60)
with a R’ even higher, equal to 0.99. The figure shows that the observation dots are better
aligned along the regression line with the d instruments than with the Am ones, which

translates in less volatility of the observations around the fitted line. This suggests that the d
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instruments may be more robust than the 4m instruments, the former being computed with an

optimal weighting procedure.

|Insert Figure 2 here|

4. Conclusion

In this paper, we found that cumulant and higher moment instruments may be
considered as robust instruments to estimate models of financial or economic variables whose
distributions are, like hedge fund returns, asymmetric or leptokurtic. In that respect, we
analyze three sets of instruments: the higher moments instruments (4m), the cumulants
instruments (z) and a new set of instruments, the distance (d) instruments. The z instruments,
which are a combination of Durbin and Pal’s cumulants instruments, provide quite erratic
results. The Am instruments perform much better but the d instruments display the best results.
These instruments are based on the distance between the observed endogenous variables and
their fitted values computed with our cumulants instruments. They present the advantage of
filtering the endogenous variables, removing their nonlinearities, which lead to more stable
instruments. Our tests show that these instruments have a correlation close to 1 with their
corresponding explanatory variable and are orthogonal to the other variables of our models.

We combined our three sets of instruments, — the z, Aim and d instruments —, with two
IV estimation methods, the TSLS and the GMM. We also developed a new form of TSLS
which directly embeds a measurement error test. This TSLS is based on the Hausman
artificial regression. It allows us to define a new indicator of measurement errors.

Our experiments show that there may be important measurement errors in the
estimation of the factor loadings of the F&F model when running this model with hedge fund
returns. Measurement errors are especially important for the estimation of the market beta,

particularly at the strategy level. Nevertheless, the direction of the error is sensitive to the
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kind of instruments used. In other words, the methods detect quite well the extent of the
measurement errors but are quite weak to detect whether there is an overstatement or an
understatement of the model coefficients estimated with the OLS. This result casts doubt on
previous studies dealing with the endogeneity issue embedded in the F&F model with only
one kind of instruments. It seems that some a priori information, like Bayesian or inside
information, is required to help identify the direction of the bias due to measurement errors, a
problem shared by many economic reduced-form models. Furthermore, the new indicator of
measurement errors we use, which is derived from the Hausman artificial regression, proved
to be quite efficient to detect such errors, especially in the case of the market risk premium, a
variable known to be measured with error. Care must thus be taken when using OLS betas as

measures of systemic risk.
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Table { List of the cumulant instrumental variables proposed by Dagenais and Dagenais
(1997)

% N

z; xox (Durbin)
7 Xoy

Z3 yoy

Z4 xoxox-3x[E(x'x/N)oly] (Pal)

Zs xoxoy-2x[E(x'y/N)ol]-y{t' [E(x'x/N)ol]}
Zg xoyoy-x[E(y'y/N]-2y[E(y'x/N]

z7; | yoyoy-3y[E(y'y/N)]

Tustands for a vector of one. I is the identity matrix of dimension (k x k).

Ostands for the Hadamard product.
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Table 2 List of higher moment and cumulant estimators used to correct measurement errors

Method Instruments
HAUS-hm . 2 .3 2
higher moments: {xH,xt X5V, }
HAUS-d the distance variables: {d,,...,ds}
TSLS-hm . 2 .3 2
higher moments: {xr_l,xr X5 Y, }
TSLS-z {20, Z11,...214, Z41,...,244}, Which are the Durbin and Pal
instruments (cumulants)
TSLS-d the distance variables: {d,, ...,d,}
GMM-hm . 2 .3 2
higher moments: {xr_l,xr X5 Y, }
GMM-z {20, Z11,...214, Z41,...,244}, Which are the Durbin and Pal
instruments (cumulants)
GMM-d the distance variables: {d,,...d,}

1.The variables which enter in the computation of higher moments and cumulants are expressed in deviation from their mean. The
Haus-hm and Haus-d methods are the Hausman artificial regressions using respectively as instruments the higher moments and
cumulants of the explanatory variables. Three two-stage least squares methods are used, differing by their instruments: higher
moments (hm), z instruments (z) (Table 1), and distance instruments (d). We use the same methods with the GMM. Note that for the

GMM estimations, the weighting matrix used to weight the moment conditions is the Newey West one.

+
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Table 3 Descriptive statistics of the HFR indices, 1990-2005 i

Mean return
(ann) Median (ann) s.d. (ann) skewness kurtosis R?

Fixed income arbitrage 8.14 8.52 522 -1.07 13.93 0.01
Funds of funds (FoF) Market defensive 9.43 8.82 5.89 0.18 4.35 0.06
Convertibles 10.00 11.64 3.74 -1.27 6.61 0.16
Macro 13.51 11.28 8.77 0.43 3.82 0.19
Relative Value Arbitrage 11.70 10.68 3.70 0.08 10.30 0.28
FoF Conservative 8.31 8.94 323 -0.47 6.50 0.31
Merger Arbitrage 10.48 12.9 4.59 -2.61 14.71 0.32
Fixed income high yield 8.65 8.82 6.16 -0.44 8.98 0.34
Market Neutral Statistical Arbitrage 8.00 8.94 3.95 -0.26 3.67 0.36
Fixed income total 11.70 11.76 4.14 0.06 6.35 0.40
Equity Market Neutral 9.76 9.12 3.60 -0.10 5.16 0.42
FoF diversified 9.02 8.46 5.94 -0.10 7.30 0.42
Distressed Securities 14.42 13.56 6.14 -0.67 8.46 0.44
FoF total 10.25 9.72 4.60 -0.33 7.13 0.45
FoF strategic 12.85 14.82 891 -0.38 6.74 0.49
Market timing 12.94 11.94 7.25 0.14 2.46 0.58
Event Driven 14.72 16.98 7.07 -1.24 7.60 0.73
Sector 19.38 21.66 12.78 0.11 6.19 0.75
Equity hedge 17.46 19.38 9.90 0.17 3.92 0.76
Short selling 4.00 -0.90 23.10 0.26 5.10 0.78
Equity non hedge 16.91 21.84 15.45 -0.42 3.98 0.91
Average 11.51 11.85 7.34 -0.38 0.82 0.45
Hedge fund weighted composite 14.51 18.18 7.01 -0.51 5.30 0.82
S&P500 11.09 15.06 14.31 -0.45 3.73

* The statistics reported in this table are computed using the monthly returns of the HFR indices over the period running from January 1990 to December 2005. The
weighted composite index is computed over the whole set of the HFR indices. The R are obtained with the OLS estimations of the F&F model for each strategy. The
strategies are sorted by increasing value of R’
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Table 4 Adjusted R? of the OLS regressions of the explanatory variables of the F&F model on instrument
catogories*

classical hm with y’ hm without y° z d
Fin 0.10 0.61 0.56 0.21 0.80
SMB 0.11 0.48 0.55 0.35 0.62
HML 0.09 0.61 0.64 0.23 0.74
UMD 0.05 0.53 0.51 0.32 0.65

* In this table, Am stands for higher moments.
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Table 5 Regression of the explanatory variables of the F&F model on the d instruments’

Rm-Rs SMB HML UMD

d; 1.00 0.01 -0.01 -0.01

23.93 0.27 -0.15 -0.12

d, 0.01 1.00 -0.01 -0.01

0.20 17.01 -0.05 -0.04

ds 0.01 0.00 0.99 -0.01

0.17 0.03 19.30 -0.03

ds -0.01 -0.01 0.01 1.00

-0.08 -0.02 0.02 18.49

Adjusted R 0.80 0.62 0.74 0.65
DW 1.87 2.52 2.40 2.22

T . . . . . .

Each explanatory variable is regressed on the four d instrumental variables built according to
Equation (22). The regression coefficient of an explanatory variable on its corresponding d is
bolded. The coefficient # statistics are in italics.
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Table 6 F&F model estimated with OLS and several cumulant 1V methods over 22 HFR indices, 1990 - 2005"

c rm SMB HML UMD Wy Weng Winer Wyun R? DW

OLS 0.4283 0.2016 0.1226 0.0739 0.0378 0.45 1.60
4.22 10.42 551 2.55 2.70

TSLS-hm 0.4030 0.2304 0.1727 0.1346 0.0118 0.45 1.61
3.44 8.15 4.26 2.23 2.22

TSLS-z 0.3713 0.2884 0.1186 0.0912 0.0375 0.32 1.70
2.71 4.70 1.75 1.30 1.47

TSLS-d 0.4241 0.1910 0.1175 0.0734 0.0506 0.45 1.61
3.44 6.98 3.55 1.90 2.01

GMM-hm 0.4309 0.2133 0.1565 0.0972 0.0144 0.42 1.62
4.20 7.50 6.60 2.80 2.93

GMM-z 0.3963 0.2799 0.1106 0.0867 0.0380 0.32 1.70
2.53 4.20 2.05 151 1.36

GMM-d 0.4241 0.1910 0.1175 0.0734 0.0506 0.45 1.61
3.44 8.15 4.26 2.23 2.22

Mean 0.4090 0.2341 0.1331 0.0928 0.0317 0.40 1.64
3.42 7.19 4.07 2.10 2.15

HAUS-hm 0.4030 0.2304 0.1727 0.1346 0.0118 -0.0482 -0.0803 -0.0736 0.0578 0.48 1.62
3.77 7.91 4.97 2.68 1.82 1.87 1.52 1.57 1.57

t min 0.14 0.06 0.08 0.16

t max 5.19 4.94 4.85 2.73

t sd 1.30 1.48 1.29 0.79

#signif. strat 9 6 6 9

HAUS-d 0.4241 0.1910 0.1175 0.0734 0.0506 0.0600 0.0093 0.0149 -0.0308 0.47 1.61
4.43 9.54 4.90 2.30 2.53 1.49 0.69 1.04 1.03

t min 0.01 0.07 0.02 0.17

t max 3.58 1.66 2.87 2.28

t sd 111 0.48 0.77 0.56

#signif. strat 7 0 4 2

TThe estimated equation is given by Equation (1). The methods we use are explained in Table 2. Coefficient ¢-statistics are in italics. For the Haus-hm and the Haus-d estimations, we provide the minimum
and maximum ¢-statistics over all the strategies analyzed, and the number of strategies for which the #-statistics is significant at the 95% confidence level. The J tests, not reported here to simplify the table,
indicate that the instruments sets used to run the GMM are well identified.
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Table 7 Spread and HAUS-hm test for the coefficient of the market risk premiumT

OLS HAUS-hm Spread A t(4)
Distressed 0.24 0.37 -0.13 -0.19 -3.64
Fixed income high yield 0.24 0.34 -0.10 -0.14 -2.33
Merger Arbitrage 0.19 0.28 -0.09 -0.18 -3.98
Event Driven 0.40 0.49 -0.09 -0.14 -3.29
FoF strategic 0.34 0.41 -0.07 -0.14 -1.77
Convertibles 0.10 0.17 -0.07 -0.11 -2.80
Fixed income arb. -0.03 0.04 -0.06 -0.10 -1.56
FoF diversified 0.22 0.26 -0.05 -0.10 -1.77
FWC 0.38 0.42 -0.04 -0.07 -1.86
FOF Conservative 0.12 0.16 -0.04 -0.08 -2.47
Relative Value Arb. 0.12 0.16 -0.04 -0.07 -1.87
FoF Market def. 0.04 0.07 -0.03 -0.11 -1.56
Fund of Funds 0.18 0.21 -0.03 -0.07 -1.73
Equity Market Neutral 0.09 0.11 -0.03 -0.05 -1.61
Fixed income tot. 0.16 0.19 -0.03 -0.03 -0.67
Equity non hedge 0.85 0.87 -0.02 -0.02 -0.29
MN Stat Arbitrage 0.19 0.19 0.00 0.01 0.38
Equity hedge 0.49 0.48 0.01 0.01 0.14
Macro 0.28 0.26 0.03 0.06 0.65
Sector 0.51 0.46 0.05 0.06 0.81
Short selling -1.02 -1.08 0.07 0.09 0.71
Market timing 0.35 0.21 0.14 0.28 5.19

f The spread (measurement error) is the difference between the OLS coefficient and the corresponding Hausman coefficient resulting from
the estimation of the Hausman artificial regression (Equation 21). For each spread, we provide the coefficient 1 of the corresponding artificial
variable. The funds having a significant 1 at the 10% level are bold-faced. Note the strong positive relationship between the spread and A, the
strategies being reported in increasing order of the spread.
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Figure 1 Relation between the spread and the corresponding 1 estimated with HAUS-hm for the
market risk premium
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Figure 2 Relation between the spread and the corresponding 1 estimated with HAUS-d for the
market risk premium
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