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Abstract

Style analysis is an asset class factor model aiming at obtaining information on the
internal allocation of a financial portfolio and at comparing portfolios with similar
investment strategies. The aim of the paper is to investigate the use of quantile
regression to draw inferences on style coefficients. In particular, we compare an
approximation widely used from practitioners, the Lobosco—Di Bartolomeo solution,
with robust estimators based on constrained median regression. The inference
process exploits a rolling window procedure based on subsampling theory. Different
sets of outliers have been simulated in order to show differences in the efficiency,
in the coverage error and in the length of the resulting confidence intervals. The
proposed solution shows better performance in presence of outliers in Y, in X, or in
X and Y, in terms both of empirical coverage and of interval lengths, i.e. whereas the
performance of the classical solution deteriorates.

Keywords Style analysis - Inference for style coefficients - Quantile Regression -
Subsampling

1 Introduction

Style analysis, as originally proposed by Sharpe (1992), is a return based analysis
aimed at decomposing the performance of a financial portfolio with respect to the
contribution of different constituents. The constituents can be related to industrial
sectors, geographical markets, financial markets, among others. Each constituent is
represented by an index whose returns are available. The model regresses portfolio
returns on constituents returns, in order to decompose the portfolio performance
with respect to the different constituents used to describe the portfolio. The classical
model is based on a least squares regression model, but different constraints can
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be imposed on the coefficients. Following Horst et al. (2004), we distinguish three
types of style models:

e Weak style analysis: the coefficients are estimated using an uncostrained regression
model,
Semi-strong style analysis: the coefficients are imposed to be positive,
Strong style analysis: the coefficients are imposed to be positive and to sum up to
one.

The three types of style models are typically estimated as regression through the
origin. The use of the double constraint (strong style analysis), and the absence of
the intercept, lead to interpret the regression coefficients in terms of composition
quotas. Therefore, style analysis is used to estimate the internal composition of the
portfolio Conversano and Vistocco (2010). In the framework of classical regression,
the estimated coefficients measure the sensitivity of portfolio expected returns to
constituents returns. However, classical inferential procedures should be interpreted
with caution, due to the imposition of inequality linear constraints Judge and
Takayama (1966). Some general results are available for the normal linear regression
model Geweke (1986), and a different bayesian procedure is formulated in Davis
(1978). A commonly applied solution is the approximation proposed by Lobosco and
Bartolomeo (1997), that is a second order Taylor series - based approximation of the
confidence intervals of style weights. The proposed solution works well except when
the parameters are on the boundaries, i.e. when one or more parameters are near 0
and/or when a parameter falls near 1. To overcome this drawback, Kim et al. (2005)
propose two approximate solutions: the former based on the method of Andrews
(1999), and the latter based on the bayesian method proposed by Geweke (1986).
A further bayesian approach has been proposed by Christodoukalis (2005). Among
practitioners, the solutions of Lobosco and Di Bartolomeo is commonly adopted,
for its conceptual and computational simplicity, and its very good results in regular
settings. And not forgetting, the wide dissemation among financial practitioners of
the journal where Lobosco and Di Bartolomeo published their proposal.

Since the Lobosco and Di Bartolomeo solution is essentially based on a least
squares estimation procedure, it is sensitive to outliers. In this paper we investigate
the use of quantile regression Davino et al. (2013); Koenker (2005) to draw robust
inferences on style coefficients. In particular we compare the approximation
proposed by Lobosco and Di Bartolomeo with robust estimators based on
constrained median regression. The proposal exploits a rolling window procedure
based on the subsambpling theory Politis et al. (1999). Different sets of outliers have
been simulated both in constituents returns and in portfolio returns. The procedures
are then compared with respect to efficiency, coverage percentage and length of the
resulting confidence intervals.

The paper is organized as follows: Sect. 2 shortly introduces the classical Sharpe
style model, along with the Lobosco-Di Bartolomeo approximation commonly
used for drawing inferences on style coefficients. Section 3 describes the quantile
regression approach to style analysis, highlighting the subsampling procedure used
at inference purposes. The simulation scheme and the main results are discussed in
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Sect. 4. Conclusions and discussion of further research developments to be explored
are in Sect. 5.

2 Sharpe-style regression model

Style analysis model regresses portfolio returns on the returns of a variety of
investment classes. Namely, the method identifies the portfolio style in the time
series of its returns and of constituents returns Horst et al. (2004); Sharpe (1998).
The use of past returns is a Hobson’s choice since no other information is typically
available to external investors.

Let us denote by r” the vector of portfolio returns along time, and by R® the
matrix containing the returns along time, j—th portfolio constituent being on the j—th
column (j=1,...,S5). Data are observed on T subsequent time periods. The style
analysis model regresses portfolio returns on the returns of the S constituents:

Y = R° w'+ e st:we>0, 'w'=1. 1)

Tx1 TS  Sx1 Tx1
Within the framework of the general linear regression model with normal error
terms (Kutner et al. 2005), the observations r” are indipendent normal variables,
with mean R°w* and with constant variance 21, since e is a vector of uncorrelated
normal random variables with expectation E(e | R°) = 0, and variance—covariance
matrix var(e | R) = 6?I. Under such assumptions, the model focuses on the
conditional expectation of the response, i.e., in financial terms, on the conditional
expectation of portfolio returns distribution, E(r” | R®). Regression coefficients
express the sensitivity of portfolio expected returns to constituents returns,
the vector e can be interpreted as the tracking error of the portfolio, and the two
constraints provide exhaustive and non negative coefficients, interpretable in
terms of compositional data. Indeed, from the linearity assumption stating that the
systematic component of the model, R°w¢, is a linear combination of covariates, it
follows that the estimated coefficients measure constituents quotas in composing the
portfolio. That is, the R°w* term of the equation can be interpreted as the return of
a weighted portfolio: the portfolio with optimized weights is a portfolio with the
same style as the observed portfolio. It differs from the former as estimates about
the internal composition are available Conversano and Vistocco (2010). We refer the
interested reader to the paper of Kim et al. (2005) for the assumptions on portfolio
returns and on constituents returns adopted in style models.

The procedure of Lobosco and Bartolomeo (1997) to estimate confidence
intervals for style weights consists of the following steps:

P> estimation of the style coefficients using the strong style model

P computation of the standard error of style analysis using the coefficients
obtained at the previous step

for each constituent do

« estimation of the style coefficients through the semi-strong style model using
the j-th constituent as response and the others as regressors
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e computation of the unexplained Sharpe style volatility for index j, namely the
variance of the vector of the differences between the j-th constituent returns and
their estimates as obtained in the previous point

« computation of the standard error of the j-th constituent combining the standard
error of the style analysis and the unexplained Sharpe volatility

end

A description of the procedure is provided in Algorithm 1, using the following
notation:

« denotes the assignment operator,

[I-1l denotes the L, norm of a vector,

strong style is the function used to estimate the style coefficients
through the strong model. The function takes the vector of
portfolio and the matrix of constituents as input, returning
the style coefficients as output,

cardinality is the function computing the cardinality of a vector,

[i] is the indexing operator, working in a different manner

for vectors and for matrices. In particular, variable [1]
extracts

The i-th element if variable is a vector, and the i-th

column if variable is a matrix.

Algorithm 1 Function for the Lobosco-Di Bartolomeo approximation of the
standard errors of style coefficients
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Data: r_p (portfolio returns), R_c (constituents returns)
Result: se_ldb_weights (standard errors of style coefficients)

Function se_lobosco_dibartolomeo(r-p, Rc):
#estimate the style coefficients (strong model)
style_weights <— strong_style(r_p,Rc)

#compute the standard error of style analysis
T < cardinality(r_p)

se.s tyle . \/ ||IRc x stylc%Y(;ights —rp|

#compute the Lobosco-Di Bartolomeo standard error

k < cardinality(style_weights # 0)

fori =1 fo cardinality(style_weights) do

#estimate the style coefficient through the semi-strong style
#model using constituent i as response and the others
#constituents as regressors

2
aux-w/i]  min (Rc[i} — 2 Re[f] x auxw[j}) st:1Tauxw =1

aux-w j#

#Lobosco-Di Bartolomeo approximation of standard errors
se_weights[i] < ||Rc[i] — aux-w][i]||
se_style

se_weights|[i]v/T—k—1

se_ldb_weights|i] <

end
return se_ldb_weights

The procedure of Lobosco and Di Bartolomeo is a convenient method for
estimating confidence intervals for style coefficients based on a Taylor expansion.
The method works well except when the true parameters are on the boundary of
the parameter space: one parameter is near 1, and/or one or more parameters
are near 0. Indeed, in such a case it is not possible to exploit the classical Taylor
expansion to obtain the asymptotic distribution of the style weights Kim et al.
(2005). In the following, we restrict our attention to regular cases, i.e. when the
parameters do not lie on the boundaries of parametric space. And because of that,
the median regression approach presented in the next section is compared only with
the Lobosco—Di Bartolomeo procedure. Even if this could seems a limitation, a
portfolio where there is one asset with a large weight is not desirable in practice for
the sake of diversification, with the aim of reducing risk.

3 An alternative approach to estimate the standard errors of style
analysis coefficients

Quantile regression (QR) extends classical regression to a set of quantile functions
of a response variable conditional on a set of covariates. Originally proposed by
Koenker and Basset (1978), QR estimates separate models for different asymmetries
7 €[0,1], where 7 denotes the particular quantile of interest. Alternatives to
approach the same problem have also been proposed in the literature Antoch and

@ Springer



690 D. Vistocco

Janssen (1989). The use of QR in the style analysis context has originally been
proposed by Basset and Chen (2001), and retrieved by Attardi and Vistocco (2006,
2007, 2010). It offers an useful complement to the standard model, since it allows to
discriminate portfolios that would be otherwise judged equivalent. Indeed, classical
least squares regression estimates the influence of style exposure on expected
returns, while QR focuses at places other than the expected value providing so useful
insights, since the style exposure could affect returns in different ways at different
locations of the portfolio returns distribution.
The QR style model for a given conditional quantile = follows:

0.’ |IR) =RW stz ws >0,1"ws =1,

where Q.() denotes the conditional quantile function, and 7(0 <7 < 1) the
particular quantile of interest. The separate models associated to each quantile pose
the only assumption P(e, < 0) = 7, that is the 7—th quantile of error term is 0. Put
differently, instead of assuming that the average error is zero as in the standard linear
regression, QR makes assumptions on the error term of the quantile = of interest.
Just as the assumption on the expectation of the error term in the standard linear
regression implies that the regression coefficients impact the expectation of the
response, the corresponding QR assumption on the quantile of the error term implies
that QR coefficients impact on conditional quantiles of the response. Therefore,
the wi’ coefficient can be interpreted as the rate of change of the z-th conditional
quantile of the portfolio returns distribution per unit change in the j-th constituent
returns, holding the values of the other constituents constant.

In formal terms, QR assumes that the cumulative distribution function F, of the
error term e, fulfills F, (0) = 7, namely that the conditional quantile of the error
term is zero. Th1s 1mp11es that the conditional quantile 7 of the response is given by
Rwe<:

T= Fez(O) =P(e, <0) =
:P(RCWi =+ €T S RLWi) =
=P(r’ <RWS) = F,,(R°W")

An important feature of QR to stress is its generality with respect to the error
distribution: QR only assumes the independence between individual observations
and the quantile restriction, and therefore it is a distribution—free regression
approach.

The conditional quantiles are estimated through an optimization function
minimizing a sum of weighted absolute deviation. The general conditional quantile
estimator is:

T

wi(r) = z argmin p, ( —Rw ) 2)

=] W@

where p,(-) is a function which asymmetrically weights positive and negative
residuals:
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_J Tu, ifu>0
pr(u) = { (r = Du, ifu<0.
The machinery for solving the quantile regression problem originally exploited
linear programming Davino et al. (2013), and in particular the simplex algorithm.
In fact, the original algorithm for solving the quantile regression problem extended
the Barrodale and Roberts algorithm Barrodale and Roberts (1973) to conditional
quantiles. While Barrodale and Roberts algorithm was introduced for solving
the median regression problem, Koenker and Basset (1978) slightly modified the
original L; problem placing asymmetric weights on positive and negative residuals,
introducing quantile regression. Different solutions exploiting barrier methods
have been also proposed. See Furno and Vistocco (2018) for a detailed treatment
of QR solution methods. Whatever the particular solving method, the linear
programming formulation of the QR problem makes relatively easy to impose
inequality constraints. In particular, we refer to the algorithm proposed in Koenker
and Ng (2005) for computing inequality constrained quantile regression. In the
following we use a semiparametric approach since we assume a linear model in
order to compare QR estimates with the classical style model. Moreover, we restrict
our attention to the median regression by setting ¢ = 0.5. The use of absolute
deviations ensures that conditional quantile estimates are robust. It is worthwhile
to mention that the use of different values of r would make it possible to obtain a
set conditional quantile estimators that could be easily linearly combined in order to
construct L—estimator, gaining so in efficiency Koenker and Basset (1987). To draw
inferences in the described framework, we refer to subsampling. This approach was
first introduced by Politis and Romano (1994) and it can be considered as the most
general theory for the construction of first order asymptotically valid confidence
intervals or regions. The basic idea is to approximate the sampling distribution of the
statistic of interest through the values of the statistic (suitably normalized) computed
over smaller subsets of the data. This approach has been shown to be valid under
very weak assumptions and, when compared to other resampling schemes such as
the bootstrap, it does not require that the distribution of the statistic is somehow
locally smooth as a function of the unknown model. Indeed, the subsampling can
also be applied in situations which represent counterexamples to the bootstrap. To
highlight why the subsampling approach is more general than other resampling
schemes it is worthwhile to observe that each subseries of size b is a sample of size
b from the true model. Hence, under the weak convergence hypothesis, the sampling
distributions based on subseries of size b and T should be close. The bootstrap, on
the other hand, is based on recomputing a statistic over a pseudo series of size T
from some estimated model and the asymptotic properties of the method are related
to how close is the resampling model to the true model.
The subsampling can be implemented in our framework as follows:

1. Fix b, the subseries length.

2. Generate subseries of length b, rfb andR{, fori=1,....,T—b+ 1
3. Foreachj(j=1,...,S), compute the constrained quantile estimator V“VJC b(r).
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4. The subsampling approximation of the unknown sampling distribution, for the
Jjth style coefficient, is given by:

T—b+1

Litne) = ——— ¥ b2 (it 0 - w0 <x) }

i=1

with I denoting the indicator function.

In the following, we compare the Lobosco—Di Bartolomeo solution with three solutions
based on subsampling, namely an approximate two-sided equal-tailed confidence
interval, a two-sided symmetric confidence interval, and an interval based on
asymptotic Gaussian distribution, exploiting subsampling only to estimate the standard
error of the style coefficient estimators.

In particular, a wo—sided equal-tailed confidence interval (EQ) for the j-th style
coefficient, of nominal level 1 — a, can be obtained as:

(W@ = T (1 = /2 #50) =T7 (/)]

where [ (@) is the quantile of order « of the subsampling approximation. This
interval has approximately the same area (a/2) in each tail.

As an alternative, two-sided symmetric confidence intervals (SYM) can be
constructed as follows:

[w;(r) ~ T (U= a): W@+ T (1 - a)]

where ]T’b(a) is the quantile of order « of the distribution:

T—-b+1

1
L=y & {7
i=1

Hall (1988) showed that symmetric confidence intervals may present enhanced
coverage and they can be shorter than equal-tailed confidence intervals even in
asymmetric circumstances.

A third approach, confidence interval based on asymptotic Gaussian distribution
(ASY), can be obtained using the subsampling just to estimate the standard error
of the style coefficient estimator and keep on using the asymptotic Gaussian
distribution. The standard error for the j-th style coefficient is:

7, (0) = () < x |

T-b+1

Var(fv}‘f(‘r))=§w Z < le(T) b,(1)>
i=1

where w° (D) is the sample mean of the subsampling replicates. Clearly, a key
issue is the selection of a proper subseries length. Suggestions and algorithms for
optimal selection of this parameter can be found in Politis et al. (1999). Next section
discusses such issue along with the presentation of the simulation results.

@ Springer



A robust approach for inference on style analysis coefficients 693

Table 1 The 7 scenarios of the

the simulation design, obtained Outliers

combining different levels of None inY inX in Y and X
presence of outliers (columns)

with different percentages of Percentage of None Case A - - -
contamination (rows) contamination ¢, _ Case Bl Case C1 Case D1

5% - Case B2 Case C2 Case D2

4 Simulation results

In this section the finite sample properties of the proposed procedure is investigated
via a Monte Carlo study. Artificial fund returns are generated as follows:

Y =R'w +oce, 1=12..,T.

We considered a portfolio with 5 constituents generated using GARCH(1,1)
processes to simulate the behavior of true time series returns. The true style weights
have been set to wj? =02, j=1,2,...,5. The choice of using here the same value
for the constituents weights aims to simplify the presentation of the results, since we
can focus only on one constituent. We went through several tests using different
values and different ratios for the weights confirming the same results reported
below. The scaling factor ¢ has been fixed in order to have R? close to 0.90 while
e, ~ N(0,1). The nominal level has been set to 90%. The choice of such a value for
the R? responds to typical situations for such type of models. Indeed, in practical
applications, the constituents used to explain portfolio’s composition represent
sectorial quotas of the investing market. Such constituents correspond to a sectorial
stratification or a geographical stratification of the portfolio able to reproduce a
benchmark index and to explain a large part of the observed variation.

Additive outliers at randomly chosen positions were added both in the constituents
series and in the portfolio returns. The percentage of outliers contamination has been
set to 1% and 5%. A synthesis schema of the simulation design is offered in Table 1,
showing the 7 resulting scenarios obtained from the combination of the presence of
outliers (none, in Y, in X, in Y and X) with the percentage of outliers contamination
(none, 1%, and 5%). For each considered scenario, we set T € {250,500} with 1000
Monte Carlo runs for each simulation of the experimental set up. Finally, we used
different values for the block length b (b = 20, ..., 80) to test its effect on the three
solutions based on subsampling.

Performance evaluation has been based on two closely connected aspects:

i. the efficiency of the robust estimator with respect to the classical one;
ii. the length of the confidence intervals and their coverage rate, which measures
how often the constructed confidence intervals contains the true style weights.
A comparison between classical style analysis estimator based on least squares

(LS) and on median regression (QR) is offered in Fig. 1 through violin plots Hintze
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and Nelson (1998). Such representation allows to depict simultaneously the full
distribution of a set of data, and the number of the data considered. Indeed, the
height of each violin informs about the range of the values, while the position of the
peak is provided by the width of the violin. The point inside each violin depict the
average value, and the segments are located at +1 standard deviation. In particular,
the violins in Fig. 1 depict the distributions (vertifical axis) of the two estimators
along the 1000 considered replications, for 7 =250 and 7 = 500 (horizontal
axis), the panels being associated to the 7 considered scenarios. As expected, the
impact of outlying observations can be very serious on least squares estimates of
style coefficients, especially when considering outliers in the constituents series.
Even if both the estimators are unbiased (all the violin plots are centered on the
true parameter value 0.2), obviously LS estimator is more efficient when no outliers
are considered (first panel). LS estimator degrades in efficiency adding outliers in
Y, and even more when outliers are inserted in X. The joint effect of outliers in Y
and in X does not differ much from the case of outliers only in X. In general, the
LS estimates variability increases very much and this can have serious drawbacks
since the style coefficients are supposed to vary in the unit interval. QR estimator
is instead robust for the different cases of outliers considered, showing only a slight
increase in the variability of the estimates moving from scenario A to scenario D2.
This result is partly unexpected, since quantile regression is robust only for outliers
in Y. We guess the robustness also when outliers in X are considered may be due
to the presence of the double constraints which restrict the parameter space. In any
case, efficiency increases as sample size increases, as evident comparing each class
of estimator between the two cases of T = 250 and 7' = 500.

The different behavior of the two estimators has an obvious impact on the width
of confidence intervals (Fig. 2) and on the observed coverage (Fig. 3). Both the fig-
ures show the effect of the block length used for subsampling (horizontal axis). The
two charts go hand in hand, since a proper calibration might allow the selection of a

Table2 Average empirical coverage of confidence intervals in the 1000 considered replications, using
the classical Lobosco—Di Bartolomeo solution and the three subsampling options (rows) along the 7 con-
sidered scenarios (columns), when the block length b is set equal to 34

Case A Case B1 Case B2 Case C1 Case C2 Case D1 Case D2

no outliers in outliers in outliers in outliers in outliers in outliers in
outliers Y-1% Y -5% X-1% X -5% X, Y-1% X,Y-5%
LDB 0.90 0.90 0.88 0.88 0.91 0.88 0.87
[0.024] [0.059] [0.121] [0.109] [0.240] [0.121] [0.263]
SYM 0.89 0.90 0.91 0.90 0.90 091 0.89
[0.031] [0.032] [0.033] [0.032] [0.033] [0.032] [0.035]
EQ 0.84 0.85 0.85 0.83 0.83 0.83 0.84
[0.030] [0.031] [0.032] [0.031] [0.032] [0.031] [0.034]
ASY 0.90 0.90 0.91 0.90 0.88 0.90 0.88
[0.031] [0.031] [0.033] [0.031] [0.032] [0.031] [0.034]

Values in brackets refer to the average interval lengths
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proper subseries length to get low coverage errors. In particular, looking at the trend
of points in Fig. 2, it is evident how the average block length decreases when the
block length increases (horizontal axis) in all the considered scenarios (columns)
and for the three alternative subsampling methods (rows). The three methods show
instead different patterns if we look at the segments, depicting the minimum and
maximum values of the intervals on the 1000 considered replications. Figure 3 com-
pares the empirical coverage of the three subsampling methods (three lines) when
block length increases (horizontal axis). Each panel refers to a different scenario, the
horizontal line being set at the nominal level 90%. Two-sided symmetric confidence
intervals (SYM) and asymptotic Gaussian intervals (ASY) have similar trends in all
the scenarios, showing an empirical coverage closer to the nominal coverage when
b is betweeen 30 and 40, the precise value depending on the particular case. Instead,
equal-tailed confidence intervals (EQ) show better coverage using smaller values of
b. Clearly, when using subsampling, observed coverage and, as a consequence, con-
fidence interval width, is related to the subseries length. However, this drawback
can be even turned into an advantage. One could use subseries length as a calibra-
tion tool in order to get observed coverages close to nominal ones. Take for instance
results in Table 2 and Fig. 4, reporting the case when b is set to 34. When there are
no outliers in the data, the classical Lobosco—Di Bartolomeo approximation shows
good performance both in terms of coverage and of interval length, but its perfor-
mance deteriorates when outliers are considered. The three subsampling options
show good coverages, with comparable interval lengths in almost all the cases, but
the equal-tailed confidence intervals (EQ). This is clearly imputable to the choice
of using b = 34, value of the block length most suitable for the methods SYM and
ASY. Using this value for b, confidence intervals based on the asymptotic Gauss-
ian approximation with standard error estimated via subsampling perform similarly
to subsampling symmetric intervals. Finally, even if the observed coverage of the
Lobosco procedure is still accurate when there are outliers in the series, the width of
the confidence intervals increases very much. As expected, a much stronger increase
in the length of confidence intervals is observed when increasing the percentage
of contamination from 1% to 5%. This is more evident from the analysis of Fig. 4,
which shows the distribution of the interval lengths (vertical axis) along the 1000
replications, through the use of violin plots.

5 Concluding remarks

Style analysis is widely used in financial practice in order to decompose portfolio
performance with respect to a set of indexes representing the market in which the
portfolio invests. The classical Sharpe method is commonly used for estimating
purposes but requires corrections for drawing inferences because the model includes
inequality constraints. Among the different proposals appeared in literature, the
Lobosco-Di Bartolomeo approximation for computing corrected standard errors
is widespread and it performs well for regular cases, i.e. when parameters are not
on the boundaries of the parameter space. However, the Lobosco-Di Bartolomeo
solution suffers from presence of outliers, being essentially based on a least squares
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estimation procedure. This can have serious drawbacks since the style coefficients
are supposed to vary in the unit interval.

In this paper we propose a robust procedure based on constrained median
regression. For inference purposes we attain to subsampling theory. Median
regression can be seen as a particular case of quantile regression. Such a framework
opens up new possibilities for further improving the estimator efficiency, since
weighted linear combinations of estimates related to different quantiles can be easily
adopted for obtaining L—estimators. A simulation study gave us the possibility to
explore the behavior of median regression coupled with three options to estimate
confidence intervals for style coefficients. The design of the study combined
different levels of presence of outliers with different percentages of contamination.
Results showed that in case of no outliers, the classical Lobosco—Di Bartolomeo
solution ensures good performance in terms both of empirical coverage and of
interval length. Performance deteriorates when outliers (in Y, in X, or in Y and X) are
inserted in the series.

The three subsampling methods used to obtain confidence intervals show
comparable performance in terms of interval lenghts, with empirical coverage being
related to the choice of the block length used in the subsampling procedure. Indeed,
when using subsampling, confidence interval lengths and empirical coverage
are related to subseries length. However, this drawback can be even turned into
an advantage. One could use subseries length as a calibration tool in order to get
observed coverages close to nominal ones. Two alternative construction methods
studied in this paper, i.e. subsampling symmetric intervals and intervals based on the
asymptotic Gaussian approximation with standard error estimated via subsampling,
perform similarly. Instead, a peculiar behavior is shown by equal-tailed intervals.
Again, calibration might allow the selection of a proper subseries length to get
low coverage errors also for this method. In general, as expected, a much stronger
increase in the length of confidence intervals is observed when increasing the
percentage of contamination from 1% to 5%. Finally, efficiency increases as sample
size increases, confirming the consistency of the considered estimators.

It remains interesting to explore the unexpected robust behavior of the median
regression estimator when outliers in X are considered, partly explainable with the
presence of the double constraints, which restrict the parameteric space. Further
investigations may concern the extension of the procedure to not regular cases, i.e.
when the parameters lie on the boundaries of parametric space, the comparison
with different robust estimators, and the estimation of the style weights at different
conditional quantiles, providing so estimates that can be easily linearly combined in
order to construct L—estimator and gain efficiency.

Finally, an issue worth investigating concerns the use of the proposed approach
in combination with compositional data methods Aitchison (1982, 1986); Filzmoser
et al. (2018). For example, the proposed approach can be applied on mutual funds
or hedge funds, and then exploiting methods for classifying compositional data
to obtain groups of portfolios with similar internal compositions. Indeed, for
these types of financial assets, both the series of returns and of sectorial and/or
geographical constituents are pubblicly available.
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