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Abstract

In this study, we derive the joint asymptotic distributions of functionals of quantile estimators (the
non-parametric sample quantile and the parametric location-scale quantile) and functionals of mea-
sure of dispersion estimators (the sample standard deviation, sample mean absolute deviation, sam-
ple median absolute deviation) - assuming an underlying identically and independently distributed
sample. Additionally, for location-scale distributions, we show that asymptotic correlations of such
functionals do not depend on the mean and variance parameter of the distribution. Further, we com-
pare the impact of the choice of the quantile estimator (sample quantile vs. parametric location-scale
quantile) in terms of speed of convergence of the asymptotic covariance and correlations respec-
tively. As application, we show in simulations a good finite sample performance of the asymptotics.
Further, we show how the theoretical dependence results can be applied to the most well-known risk
measures (Value-at-Risk, Expected Shortfall, expectile). Finally, we relate the theoretical results to
empirical findings in the literature of the dependence between risk measure prediction (on historical
samples) and the estimated volatility.
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1 Introduction and Notation

In this paper we analyse the asymptotic dependence properties of functionals of quantile estimators with
functionals of measure of dispersion estimators for underlying identically and independently distributed
(iid) samples. By measures of dispersion we mean well-known quantities as the variance or standard
deviation, but also less frequently used ones as, for example, the mean or median absolute deviation -
we introduce and formalise those concepts in the next subsection.

One motivation to look at this dependence comes from the empirical study in [9]]. Therein the correlation
between a log-ratio of sample quantiles with the sample standard deviation is measured empirically using
log-returns from different stock indices. Note that looking at a functional of the sample quantile (as e.g.
the logarithm) is more general than considering only the linear correlation between sample quantile and
sample standard deviation. Another reason of considering those functionals is that the results directly
relate to risk measure estimation (and their dependence with volatility measures, represented in this case
by measures of dispersion): The sample quantile can be seen as a Value-at-Risk (VaR) estimator and the
functional framework allows us to extend the results also to Expected Shortfall (ES).

In this spirit the results presented in the paper treat in a broad way the joint distribution and linear corre-
lation of general functionals of quantile estimators and functionals of measure of dispersion estimators.
The reason why we consider also other measures of dispersion than the classical sample variance is that
using this latter brings asymptotic constraints (such as the existence of the fourth moment of the under-
lying distribution) which can be relaxed when using other measures like the mean absolute deviation or
median absolute deviation. It is quite important in practice, as pointed out in Section []in the context
of quantitative risk management (QRM) and risk measures: We illustrate how results on the asymptotic
dependence between VaR, ES or the expectile with these measures of dispersion follow from the results
presented. Also, coming back to the first motivation of this research, theoretical results for the depen-
dence between the log-ratio of sample quantiles and the sample standard deviation are presented - as
counterpart to the empirical estimation in [9]. We also link these theoretical results to empirical findings
in (43} 144].

In the existing literature there exist works on the asymptotic joint distribution of the sample mean and
the sample quantile ([29], [17] for two different approaches). Still, we only found one paper, [8], which
looks as a biproduct at the joint distribution of a vector of sample quantiles with the r-th absolute sample
moment in the case of an underlying Gaussian distribution with known mean. Although their framework
seems to include the joint distribution of a sample quantile with the sample variance (second absolute
sample moment) as well as with the sample mean absolute deviation (first absolute sample moment), note
that the work in [8] differs as it assumes the mean to be known and a Gaussian underlying distribution.
Moreover, in the case of the joint distribution of the sample quantile with the sample median absolute
deviation, to the best of our knowledge, no result exists.

The structure of the paper is as follows. We present in Section [2] the main result about the asymptotic
joint distribution and dependence between functionals of quantile estimators and functionals of three
different measures of dispersion, in the following order: sample variance, sample mean absolute devia-
tion and sample median absolute deviation. First, we consider the sample quantile as quantile estimator.
We show its joint asymptotic distribution with the above mentioned sample measures of dispersion using
their existing Bahadur representations. Those results presented are valid for all distributions (which fulfil
certain moment and smoothness conditions). Next, we consider the parametric location-scale quantile
estimator, which means to restrict ourselves to the class of location-scale distributions, an important
class in applications. Hence, we subsequently present the asymptotic joint distributions for function-
als of the three different measure of dispersion estimators considered, but now with functionals of the



location-scale quantile estimator. We conclude this section by analysing the effect of the sample size,
first when the quantile estimator and the measure of dispersion estimator each have different sample
sizes (in an asymptotic sense). Second, we evaluate the finite sample approximation of the asymptotics:
In a simulation study we compare the sample correlation between quantile estimators and measure of
dispersion estimators (each on a finite sample) to the theoretical asymptotic correlation - considering
elliptical distributions with light and heavy tails, respectively.

To compare the two quantile estimators considered, we focus in Section [3on location-scale distributions
as this is a broad group of distributions often used in financial modelling and from which the theoretical
question arised. In Subsections [3.1]and [3.2] we present the asymptotic covariances and correlations for
functionals of the sample quantile and location-scale quantile respectively with each of the three mea-
sures of dispersion. Further, we provide all the explicit asymptotic covariances and correlations in the
cases of a Gaussian and a Student distribution. As described, one has two different alternatives of using
(consistent) estimators to estimate the underlying true quantile. The parametric location-scale quantile is
especially of interest as this estimator has a higher speed of convergence than the sample quantile. Still,
such a parametric estimator needs to assume a specific underlying distribution which might add some
model risk in practice. With regard to this, we present an important result in Subsection [3.3] Therein
we show the asymptotic difference in the dependence structure (for each corresponding measure of dis-
persion) when using the one or the other quantile estimator for the two main examples considered, the
Gaussian and the Student distribution.

In Section ] we apply the results from the previous sections in the context of quantitative risk manage-
ment. In a first part, we make the link to risk measures apparent. Taking as example the three most
popular risk measures in quantitative risk management, Value-at-Risk, Expected Shortfall and expectile,
we show their asymptotic dependence with each of the three measure of dispersion estimators. Given the
constant debate about the properties and advantages of these different risk measures (see e.g. [10], [135],
and the references therein), this adds another layer to the discussion. Again, in the cases of an underly-
ing Gaussian or Student distribution, we provide the explicit formulae and also plots of the asymptotic
correlation in these cases. In the second part, we look at a specific problem in finance: Therein we
consider the non-linear dependence looking at the linear correlation between log-ratios of Value-at-Risk
estimators (i.e. sample quantiles) and the sample standard deviation (i.e. a non-linear dependence be-
tween the sample quantile and the sample standard deviation). This was computed empirically in [9] to
assess the pro-cyclicality of risk measurement using historical data from different stock indices. We also
relate this dependence between sample quantile and sample standard deviation to the empirical work
in [43] 44]. We then provide theoretical values in the setup given in [9] when assuming underlying iid
models. Additionally to the asymptotic correlation between the sample quantile and sample standard
deviation, we consider this correlation when using the different measures of dispersion introduced as
well as with the parametric location-scale quantile instead of the sample quantile. Finally, we show
how these theoretical results scale when using longer samples (in an asymptotic meaning that we will
explain) and compare finite sample empirical results, in an identical setting as in [9], with the theoretical
asymptotics. We conclude in Section [5] discussing implications of the different results for their use in
practice, also giving a concise comparison of the theoretical conditions on the underlying distribution
(of the asymptotic results) depending on the different quantile and dispersion estimators used.

All proofs are developed in the Appendix, so that the series of results appears clearly in the main body
of the paper to offer a statistical tool set.

Let us end with a remark about the structure. The new and general results about the joint asymptotics
of the sample quantile (location-scale quantile) with different measures of dispersion are in Section 2]
and hold for any distribution (in particular for the case of location-scale distributions) - with certain



restrictions on its smoothness and existence of moments. Then we apply those results to the specific
cases of location-scale distributions in Section [3] and each time explicitly consider the three different
cases of our measure of dispersion separately with examples, although they can be derived from the
main theorems in Section |2 We are aware it extends the paper, but think it may be a useful and good
reference in applications with specific results being explicitly available.

Notation

Let us start with common mathematical notation. The rounded-up and rounded-off integer-parts of a
real number x € R are denoted, respectively, as

[z] =min{m €Z:m >z} and |z|]=max{mecZ:m <zx}.

The signum function is denoted by sgn and defined, as usual, by

-1 ifz <0,
sgn(z) =<0 ifz=0,
1 ifz>0.

Further, I'(.) is the Gamma function; we will need it either for integers or half-integers, i.e.

r (z—1)! for integers = > 0,
(@) := \/EM for half-integers x, i.e. odd integer-multiples of 1,
272

. . . . P
where ! and !! denote the factorial and double-factorial function, respectively. Also, we denote by E), —
the convergence in distribution and in probability, respectively.

Focusing on statistical quantities, let us work with a sample of size n, (X1, - - - , X,), with parent random
variable (rv) X, parent cumulative distribution function (cdf) F'x, (and, given they exist,) probability
density function (pdf) fx, mean p, variance o2, and quantile of order p as ¢x (p) := inf{x € R : p <
Fx(z)}. We denote its ordered sample by X1y < ... < X(,,). Whenever it exists, we introduce the
standardised version (with mean 0 and variance 1) of X, Y := £=£ and correspondingly the cdf, pdf
and quantile of order p as Fy, fy and gy (p). In the special case of the standard normal distribution
N(0,1), we use the standard notation ®, ¢, @~ (p) for the cdf, pdf and quantile of order p, respectively.

We use the symbol ~ for ‘distributed as’, i.e. Y ~ N(0, 1) means that Y is N/ (0, 1)-distributed.

In this paper, we focus on the following five estimators. First, we consider the three estimators of the
dispersion: (i) the sample variance 62, (ii) the sample mean absolute deviation around the sample mean
(MAD) Hn, and (iii) the sample median absolute deviation around the sample median (MedianAD) §n

(i) 67 = 77 Yoimy (X — X,,)?, where X, = 1370, X,
(i) 6, = £ >0

Wiy <. < W ))> and 0y, = %(X(L'nA»lJ) + X(L ) (sample median of the original sample).

, where W; = |X; — 0,],i = 1,...,n (and its ordered sample

Note that, for the sample MAD, we could have taken a factor of ﬁ instead of %, and this does not
matter asymptotically. We chose the latter to be in line with the literature (see e.g. [20[,[341,[39]),
although we think, conceptually, — does make more sense.



To unify the notation of sample variance and the sample MAD, one can use the notion of the r-th absolute
centred sample moment, i.e.

1 — _
(X, n,r) = - DI — Xul', withr =1,2, (1)

sothat 62 = “—L/(X,n,2) and 0, = (X, n,1). To have a framework that incorporates the three

measures of dlspersmn we introduce the notation D; ,,, for ¢ = 1,2, 3, with Dy n= 62 or \/Dl n=0n

the sample variance or sample standard deviation respectively, with Dy n = = 0, the sample MAD, and

D3 n = {n the sample MedianAD. Correspondingly, the theoretical counterparts are denoted as D;, 7 =
1,2,3 with Dy = 02%,v/Di =0,Dy =0, D3 = €.

Then, we consider two estimators of the quantile of order p of the distribution:
(iv) the sample quantile g, (p) = X([pp1)s

(v) the quantile estimated parametrically by its location-scale model whenever F'x belongs to the
location-scale family of distributions: ¢, ;. +(p) = fin + Gnqy (p), where fi, and &, are any
estimators of the mean p and standard deviation o. Here we choose them to be the sample mean
X,, and the square root of the sample variance &, (by abuse of notation) respectively. When
assuming / to be known, we write ¢, 5(p) = it + Gnqy (p).

Recall that the location-scale family of distributions F is the class of distributions such that

if F € F,thenforanya € R,0 < b < 00, G(z) := F(ax +b) € F. ()

Again, to have a unified notation, we introduce the quantile estimator ¢,, that should represent either the
sample quantile gy, or the location-scale quantile models gy, ; 5 (or g, s for u known).

In addition, to be consistent in the notation with related results in the literature, we generalise a notation
used in [6, [17]]: First recall that the quantile can be written as a minimiser (see [25]])

gx(p) = arglﬁinE[Lp(X —a)l,
ac

for the so called quantile loss function L,(r) := (p — T(y<¢))=. Hence, one can consider the case of
a = qx(p) and write

E[Lp(X — qx(p))] = p (B[X] - E[X]X < gx(p)])

called ‘minimized expected quantile loss function’ in [6]], and denoted by 7(p) in [17], where it appeared
as part of the asymptotic covariance of the sample quantile with the sample mean.

So, assuming that the underlying rv X has finite moments up to order /, and that 7 is a continuous
real-valued function, we use in this paper the following generalization: for 1 < k </l and p € (0, 1),

7((X),p) = (1 = p) (EBF(COIX > ax ()] - E*(X)]) ®
= (1= p) (EW* (X)X > ax(p)] — Elr"(X)|X < ax(p)]) “

where we provided (4) to point out that this quantity involves the truncated moments of both tails. We
abbreviate, when 7 is the identity function, 7 (X, p) as 7x(p).



Further, note that for the results we present, we need different conditions on the underlying random vari-
able X depending on the choice of quantile estimator and measure of dispersion estimator. Although
not always needed for the theoretical results (if interested in minimal requirements, see Table[9]in Sec-
tion ), we will assume for simplicity that

(C1) Fx is absolutely continuous and strictly monotonically increasing,

i.e. X has a pdf fx(z) such that, both, 0 < fx(z) < oo and Fx(¢x(p)) = p almost everywhere. Two
other conditions, which do not need to hold for all z € R (but in given intervals), are

(Ca) Fx is Holder-continuous,

(C3) the second derivative of F'y exists and is bounded
Also, we denote necessary moment conditions, for an integer k£ > 0, as follows
(M) E[X?*] < oo (i.e. finite 2k-th moment)

and will usually need in this study (M) (i.e. existence of second moment) or (M) (existence of the
fourth moment).

Finally, to have results as general as possible (in view of applications), all along the paper we will
consider functionals hq, ho of the estimators that we assume to be continuous real-valued functions with
existing derivatives denoted by h} and h’, respectively. Note that in fact, to apply the Delta method, it
suffices for the derivatives to exist only at one point - the point where they are evaluated at. We will omit
recalling it in the conditions of the results.

To end this section, we summarise for convenience the notation of the different statistical quantities with
their corresponding estimators in Table I]



Table 1: Notation of statistical quantities and their (possibly various) estimators used in this paper

Statistical quantities Corresponding Estimators
mean i sample mean X,=1y" X,
variance o? sample variance (unknown ) 62 =L 50" (Xi—X,)?
(known 41) T = i (Xi — p)?
mean absolute deviation 6 = E[|X — u] Sample MAD (unknown p) 0, = 13" |X; — X,,|
(MAD) (known 1) 0, = LS X — pl

r-th centred/central moment i, = E[(X — p)"]
1

r-th absolute centred moment  m(X,r) = E[|X —p|"] | Sample measure of dispersion (X, n,7) =+ 3" | |X; — X, |

(measure of dispersion) (unknown )
Sample measure of dispersion m(X,n,r) =+ 3" |X; — p|”
(known )
cdf Fx () empirical cdf Fo(z)=F,x(x) =13 Iix,<a
pdf fx(z)
quantile of order p gx(p) = Fx L(p) sample quantile an(P) = X([np))

parametric location-scale quan- ¢, 5.6(P) = fin + Gngy (P)

tile (unknown )

parametric location-scale quan- ¢ 5(p) = p + Gngy (p)

tile (known )

median v=gx(1/2) sample median Uy = %(X(LnT-HJ)‘f’X(LnTMJ))

median absolute deviation ¢ = ¢ x_,((1/2) sample MedianAD n = %(W(LW,THJ) + W(LnT-%—?J))

(MedianAD) where Fix_,|(z) =
Fx(v+z)—Fx(v—=z)

2 Asymptotic Joint Properties of Quantile and Dispersion Estimators for
iid rv’s

Having fixed the general notation, let us present our main results. We divide them into two subsections
according to the quantile estimator we used. We start with the asymptotic joint distributions when using
a sample quantile. Subsequently, we present the analogous results when using a location-scale quantile.
As mentioned in the introduction, the results with the sample quantile hold for any iid distributions while
the ones with the location-scale quantile only for location-scale distributions (both being subject to some
smoothness and moment conditions).

2.1 Historical Estimation

We present two results. The first one for the relation of functionals of the sample quantile with function-
als of either the sample MAD or the sample variance in a unified setting. The second for functionals of
the sample quantile with functionals of the sample MedianAD.

Theorem 1 Consider an iid sample with parent rv X having mean p, variance o. Assume conditions
(C1), (Cs) in a neighbourhood of qx (p) and (M,) for r = 1,2 respectively as well as (C2) at i for
r = 1. Then the joint behaviour of the functionals hy of the sample quantile q,,(p) (for p € (0,1)) and
ho of the sample measure of dispersion m(X,n,r) (defined in (1)), is asymptotically normal:

- h1(gn(p)) — h1(ax(p)) 4 o
vn <h2(fn(X,n,r)) — hz(m(X,T))) njo N(0, 57, 5)



where the asymptotic covariance matrix $") = (Eg), 1 <4,j < 2) satisfies

5 = m (Ryax ()% %) = (Ky(m(X,r)))” Var (IX — pl + (2 — r)(2Fx () — 1)X):
(6)

| X — pl,p) + (2 —=7)(2Fx (n) — 1)711(p) (7

fx(ax(p)) ’

r r Ty
£ = 5 = K (ax (2) Bym(X, ) x ™
where T, is defined in (3.

The asymptotic correlation between the functional hy of the sample quantile and the functional ho of the
measure of dispersion is - up to its sign a - the same whatever the choice of hy, ho:

| A 70X~ ulp) + (2~ 2Py ()~ (o)
lim Cor (h1(qy, yho(m(X,n, 1)) =a ,
5, Cornlm P halrn(tmr))) = 0 ¢ Vo= Ve (X 4T+ (0P ( - D3)

where ax = sgn( h}(gx(p)) x hh(m(X,r))).

Remark 2 Notice that in the case the functionals hi, hy are such that h'(qx (p)) h5(m(X,r)) = 0,
we have asymptotic linear independence: Equations and () will equal zero (as sgn(0) = 0 by
definition). This remark holds for all other results involving the functionals hy, ho too, but we will not
mention it each time.

Note that apart from choosing the dependence with the sample variance (r = 2) or sample MAD (r = 1),
the choice of r also has an impact on the required existence of moments of X. Indeed, with r = 2, we
require the existence of the fourth moment of X, while, with » = 1, only a finite second moment.

Further, note that we could have formulated Theoremin amore general form using a function h(z,y) =
(hl (:E ) y)

h2 (.73 ) y)
ferred for readability the above presentation (see Appendix [D|for such extensions).

) or considering a vector-valued version of the theorem (vector of sample quantiles), but pre-

The case of the dependence between functionals of the sample quantile ¢, (p) and MedianAD én cannot
be included in the same mathematical framework and needs to be formulated separately. The different
dependent structure appears clearly in the expressions of the covariance and correlation (e.g. involving
maxima - something we did not have in Theorem [I).

Proposition 3 Consider an iid sample with parent rv X with, if defined, mean p and variance . Under
conditions (C1) and (C3) in the neighbourhoods of qx (p), v, v £&, the joint behaviour of the functionals
h1 of the sample quantile q,,(p) (for p € (0,1)) and hy of the sample MedianAD & (defined in Table
is asymptotically normal:

hy (Qn(p)) — hl(qX(p)) d
\/ﬁ ( hQ(En) - hg(&) ) njo N(O,F),

where the asymptotic covariance matrix I' = (I';;,1 < i, j < 2) satisfies

1++/f%(v)

_p=p) g 2, _ o
M= iy M) e e T e g OO
—max (0, Fx (v + &) — max (Fyx (v — €),p)) + 52 + fx(V+]£Cl—(IJj”§¢(V—§) max (_% %)

fx(ax(p)) (fx(v+&) + fx(v =§))

10



wherey = (fx(v + &) — fx(v =€) fx(v) (fx(v+&) = fx(v = &) —4) (1 = Fx(v — &) = Fx(v +£))

and v denotes the median of the sample (see Table|I)).

The asymptotic correlation between the two functionals is - up to its sign ay - the same whatever the

choice of b, ho: i Cor (i(gn(p)), ha(én) ) =

—max (0, Fx (v + &) —max (Fx (v —&),p)) + l%p 4 XA Ixw=8) (—%, %)

fx ()
p(1—p) v
Vo It e

a4+ X

(11
where a := sgn(hi(qx (p)) h5(S))-

Two remarks with respect to the result presented. First, note that the asymptotic dependence with the
sample MedianAD does not even require a finite mean. Second, for symmetric distributions, it holds
that fx (v + &) = fx(v — &) and v = 0, so the expressions of I" and simplify a lot.

2.2 Location-Scale Quantile

As a comparison to using historical estimation via sample quantiles (denoted by ¢,,), let us estimate
the quantile via the known analytical formula for the quantile of the model when considering a given
location-scale distribution with unknown but finite mean y and variance o2 as defined in equation (2).
Consequently, we can write the quantile of order p in such cases as

qx(p) = p+oqy (p), (12)

where Y is the corresponding rv with standardised distribution with mean 0 and variance 1.

Hence, if we estimate y by the sample mean X,, and o by the square-root of the sample variance, &,
the quantile estimator based on (12) can be written as

(jn,ﬂ,&(p) = Xn + &nQY(p)- (13)

In the case y is known, this reduces to g, s(p) = @ + Gnqy (p), and studying the dependence with the
dispersion measure estimators will be simpler.

We keep the same structure as in Subsection First, we present a unified result for the dependence
of (here) the location-scale quantile with the sample variance or sample MAD. Then, we present the
corresponding result when using the sample MedianAD. Since we distinguish the cases p unknown
from known, we always start with the more general case (¢ unknown), and, as a Corollary, present the
case with known mean .

Let us start with presenting the analogon of Theorem [I] for functionals of the location-scale quantile
estimator.

Proposition 4 Consider an iid sample with parent rv X having mean | and variance o°. Assume

conditions (C1), (Ms), as well as (C2) at yu for r = 1. Then, taking r = 1,2, the joint behaviour of
the functionals hy of the quantile q,, ;, 5(p) from a location-scale model (for p € (0,1)) and hy of the
measure of dispersion m(X, n,r) (defined in Table is asymptotically normal.:

—( hi(anpsp)) —hilax(p)) d -
v <h2<m<X,n,r>) — ha(m(X, r)>> ot NOAT, (14)

11



(1«4), 1 <4, j < 2) satisfies

where the asymptotic covariance matrix A" = (A, ;

Af) = 0% (i (ax(®))” (1 +av () (av () LYY = 1)/4+ EIYY))); 1)

Afy) = (Wy(m(X,r)))* Var (|X = ul + (2 = r)(2Fx (1) = DX ); (16)

A = ASY = 0™ W (ax (p)) By (m (X, 1)) (17)
(E[WH] +(2-7) (2Fy(0) — 1 — 2E[Y [ Iy o)) + qYT@ (E[\yv”} —E[Y]"] + (2 — 1)(2Fy(0) — 1)JE[Y3])> .

The asymptotic correlation between the functional hy of the sample quantile and the functional ho of the
measure of dispersion is - up to its sign a_ - the same whatever the choice of hy, ha:

nhanéo Cor (hl(Qn,ﬂ,&(p)); ho( (X, n,1))) = axx (18)

E[YT+1] +(2-7) (2Fy(0) _1_ 2]E[|Y‘T+1I(y<0)]) + qu(m (E[|Y|T+2] —E[Y]"]+ (2—-7)(2Fy(0) = 1) IE[Y3]>

)

%@A@ywxmwmmfﬁ4+EDﬂ))WHQYV+@—wxﬂQm)—UY)

where ay = sgn( h}(qx(p)) x hh(m(X,r))). Hence, the asymptotic correlation does not depend on
the mean i and the variance o of the underlying location-scale distribution, and, as before, is - up to
its sign - independent of the specific choice of hy, ho.

Further, if we assume the location-scale distribution to be symmetric, then the asymptotic correlation
between the location-scale quantile qy, ; 5 and the measure of dispersion estimator can be proved to
have its minimum absolute correlation (value of 0) for p = 0.5 and to be (point-)symmetric with respect
top = 0.5.

Note that using the location-scale quantile model implies assuming the existence of a finite fourth mo-
ment with the sample variance and with the sample MAD - this is in contrast to the historical estimation
with the sample quantile.

Further, while equations (I7) and (I8) for covariance and correlation simplify when either having a
symmetric distribution or with zero third central moment u3 (e.g. for elliptical distributions), it is also
worth looking specifically at the case when the mean of the distribution is known, thus estimating the

quantile as g, 5 = p + qy (p)on:

Corollary 5 Under the same conditions and notations as in Proposition 4| we can say that the asymp-
totic covariance of the functional hy of the quantile q,, 5 from a location-scale distribution with known
mean and the functional hy of the measure of dispersion (X, n,r), is, for p € (0,1), asymptotically
normal:

p hi (Qn,é(p)) —h (qX (p)) d < ()
v <h2(m<X7n,r>> — ha(m(X, r>>> oo N(OAT), (19)

where the asymptotic covariance matrix A7) = (/N\g), 1 <4, j < 2) satisfies
EYY -1

A = o (M (ax()® @)= AR = (A(m(X,r)))* Var (IX =l + (2 = 1) @Fx (1) = )X )

(20)

A =A%) = o1 D)y 4 BT 4 (2 - ) 2B (0) ~ D EY?)) b (ax (0) iy (m(X. ).
(2D
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The asymptotic correlation remains independent - up to its sign - of the specific choice of hi,hs:

nh—>nolo Cor (hl (qn,& (p)), ha (m(Xa n, 7“))) =

r+21 _ r —r _ 3
se ((ax(p) o (m (X, ) p — Fy(0) x i A2 FIVI+ 2 = @O — DR

(22)

Note, that in this case the correlation is (up to sign changes) constant in p.

We now consider the joint asymptotics of functionals of the location-scale quantile estimator with func-
tionals of the sample MedianAD.

Proposition 6 Consider an iid sample with parent rv X from a location-scale distribution having mean
w and variance o*. Under (C1), (Mz) and (Cs) in the neighbourhoods of v,v + &, the joint behaviour
of the functionals hy of the quantile q,, ;, 5(p) from a location-scale model (for p € (0, 1)) and hy of the
sample MedianAD én (defined in Table|l)) is asymptotically normal:

= (M(ans(p) = hl(QX(P)) d

vn ( ha(€n) — ha(€) ) =% VO =

where the asymptotic covariance matrix Il = (I1;;,1 <4, j < 2) satisfies

M = o? (B (ax (®))* (1+av (p) (ay () (BIY"] = 1)/4+ E[Y?)) ) (24)
N 1+ 7/f)2((y) " (m r 2,

2 = i+ 1 =g ) >

Ty = Iy — hi(gx(p)) hy(§) o2 ) % ( —E [(Yqu(p) + 2Y)I<yf§%u<ygu+§%u):|

2 (fy () + fr (52)
vHE—py v—E—p v+i—p —5 2
I B o gy () 4+ 21 )y + 22 (1_fy( e ) d G >>>

VEYT = 1) Var([Y] + (2 — r)(2Fy (0) - 1)Y)

)

Jy (555) = 2 fy (555)
(26)
The asymptotic correlation remains independent - up to its sign - of the specific choice of h1, ho:
tim_Cor (ha(qu.s (1)): h2<én>) = sgn(hi (ax () H5(©)) x @n
e e | S e g
\/1+ (Mﬁ)(—;()@))z a(fr(t H,:()u fH)( ) (l_Fy(u—g—u) Ry (s ) \/qu ENI=1 4 gy E[Y3

In the case where the mean of the distribution is known, we have:

Corollary 7 Under the same conditions and notations as in Proposition [0} the joint behaviour of the
functional hy of the quantile gy, 5 from a location-scale distribution with known mean and the functional

ho of our sample MedianAD én, is, for p € (0, 1), asymptotically normal:

\/ﬁ(hl(qnﬁ(]?))—M(QX(p))) Ly A0, D), (28)

n—oo
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where the asymptotic covariance matrix = (f[ij, 1 <4, < 2) satisfies

Iy = o? (W (ax(p))” ¢ () (E[YY] — 1) /4; (29)

1+7/f%v) 2

M2 = iR+ 9 + =9 (ha(m(X, 1)) (30)
Ty iy — oy () L
the =1l =2 (P2 + fy(im)) X M (ax (p))ha(€) 31)

Fr () — fy (i 1 Fr () — f (2
(—E[Y”’(V%ﬂdswﬂ* e E{Y”(Y“é“)]%(l‘ e ))

The asymptotic correlation remains, as before, independent - up to its sign - of the specific choice of
hl, hg.‘

Tim_ Cor (b (gn.5(p)), ha(én)) = sen (0 — Fy(0)) x 1 (ax (p)) K (€) ) % (32)
. 2 fY(V+§,7M)_fY(V7§7“) 2 1 _ fY(%;”)—fY(V*f;“)
E |V vty e | + P T B [V | 43 (1 o (=8
(P () ()T 4 () e (55 8)) (1 v v A1
\/1 * 2 (=) (3] (1= R (=) = Fr(e)) 205

While in the case of the asymptotics of the sample MedianAD with the sample quantile we did not even
required a finite mean of the underlying distribution, we need in this case a finite fourth moment, as we
are considering the location-scale quantile.

2.3 Specific Cases and Methods

We briefly want to address two points. First, recall that the results about the asymptotic joint distribu-
tion so far have been presented in a functional form, i.e. for arbitrary functions hy, ho (fulfilling, as
mentioned, the conditions of the Delta method, i.e. to be continuous and have existing derivatives at the
evaluated points). Here we turn to specific choices of functions h1, ho and show how they are related.
Second, we briefly present and comment on the methods and ideas needed in the proofs given in the

Appendix [A]

Common structure of cases considered - Clearly, in applications one considers specific choices of
h1, he. For example the covariance/correlation with the quantile estimator itself, as well as with its
logarithm, is of interest in finance. The following proposition shows how such cases are related to each
other.

Proposition 8 Consider an iid sample with parent rv X with, if defined, mean 1 and variance o>.

Denote by Gy, a given quantile estimator (either ¢,,(p), Gn j,5(P) or Gns(p)) and by ﬁzn a measure of
dispersion estimator (i = 1,2,3). Assume sufficient conditions on X to be given (i.e. depending on
the chosen estimators, some of (C1) — (C3), (My)). Then, the asymptotic covariance and correlation
respectively of different functionals of these quantities are related to each other in the following way:

1 A "
5 x lim Cov(v/ng2,v/nD;,) = 2D; x lim Cov (\/ﬁ(jm\/ﬁ\/Di’n)
gx(p) n—oo n—00

= ¢x(p) x lim Cov(vnlog|dal, vnDin) = qx(p)v/D; x lim Cov (mog@u,\/ﬁ\/ﬁi,n) :

lim Cov(v/ngn,v/nD;,) =
n—0o0
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and for the asymptotic correlations it holds that

lim Cor(gn, D;,) = lim Cor <qn, \/f)i,n> = sgn(p — Fx(0)) x lim Cor(G2, D)

n—oo n—o0 n—oo

=sgn(p — Fx(0)) x ILm Cor(log]tjﬂ,f)i,n) =sgn(p — Fx(0)) x ILm Cor <log|cjn\, ﬁ,n> .

Hence, in the following we will always provide results for the asymptotic covariance/correlation between
the quantile estimator ¢, and the measure of dispersion estimator D; itself, as the other cases can be
deduced from this proposition. Note also that the asymptotic linear correlation does not change (up to
its sign) under non-linear transformation - although the linear correlation is known to be invariant only
under linear transformations. This is due to the fact that, asymptotically, all terms of higher order than
the linear approximation in the Taylor series are negligible.

Remark 9 In some cases, e.g. when using the logarithm, some care has to be taken when applying
the Delta method, as the conditions will not always be satisfied: For p = Fx(0), the quantity 1/qx (p)
is not defined. In such cases, if the left-sided and right-sided limit (for the asymptotic covariance and
variance respectively) coincide, we simply set the value at the point itself, by continuity of the limit, to
be the left-sided limit.

Methods - Let us now comment on the proofs, given in detail in the Appendix |Al of the main results
presented.

For the proofs involving the sample quantile, the main approach in proving Theorem|I|and Proposition 3|
relies on the Bahadur representation of the sample quantile ([5]). Note that already in [[29] the asymptotic
distribution of sample quantile and sample mean was computed using this representation. This was
subsequently used in [8]] (see Theorem A.1) to obtain the asymptotic distribution of sample quantiles
with 7-th absolute sample moments, in the case of an iid Gaussian sample with known mean p. We will
show that the extension of their result to the general iid case is straightforward. Then, when considering
the sample variance and sample MAD, we extend the corresponding results to the case of an unknown,
hence estimated, mean for any underlying iid distribution (with respective moment and smoothness
conditions). Analogously, we show further that it is also possible to use the Bahadur representation for
the sample MedianAD to obtain Proposition[3] The proof is presented separately as it cannot be included
in the above framework.

Note that an alternative approach is possible to prove Theorem (1} it is based on a Taylor expansion
of the sample variance (or sample MAD respectively) and the sample quantile, and has more restrictive
smoothness conditions on the underlying distribution. We present it in the Appendix too, as it is a natural
extension and adaption of the techniques developed in [17] by Ferguson, who considered the asymptotic
joint distribution of the sample mean with the sample quantile.

In contrast to the work with the sample quantile the proofs involving the parametric location-scale quan-
tile estimator are direct computations. Thus, no specific comments on the procedure are given here.

2.4 The Effect of Sample Size in Estimation

We conclude this section by analysing the two impacts of the sample size n. The first one is of asymptotic
nature and simply considers the situation when using different sample sizes (in an asymptotic sense)
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for the measure of dispersion estimator and the quantile estimator respectively. Second, we evaluate
empirically how well the finite sample results approximate the theoretical asymptotics.

Asymptotic Scaling Law - We want to understand how the dependence effects of the quantile es-
timator with the measures of dispersion estimator (sample MAD, sample standard deviation, sample
MedianAD) depend on the chosen (asymptotic) sample size n.

Instead of looking separately at all the different cases when using either the historical estimation of the
quantile or the location scale model, and one of the three measures of dispersion, we consider a unified
approach. This is motivated by the fact that we are more interested in seeing how the values change
with different sample sizes, than presenting formulae for each of the sub-cases, which, anyway, can
be deduced from the results. Further, we will observe the same scaling property for each measure of
dispersion; thus, a unified approach seems appropriate.

We consider sample sizes, say n, = vn and n,, = wn for integers v, w > 0, so that they are asymptot-

ically multiples of each other, i.e. li_)m ny/mw = v/w. This way we can introduce ‘different” sample
n—0o0

sizes into an asymptotic framework. With the above notations, we can show the following result.

Theorem 10 (Asymptotic Scaling Law) Let v, w be positive integers and consider an iid sample with
parent rv X with, if defined, mean n and variance 0. Under appropriate moment and continuity
conditions for X (i.e. (C1) — (C3),(My), depending on the estimators), the asymptotic covariance
between functionals of a quantile estimator with sample size vn, h1(Gyy), and functionals of the measure

of dispersion estimator for i € {1, 2, 3} with sample size wn, hy(D; ), satisfies

tim Cov (Vth (don). Viths(Dim)) = ———— tim Cov (vithi(d). Viiha(D;)) . (33)

n—00 max (v, w) n—oo

Accordingly, one can show for the asymptotic correlation that

min (v, w)

lim Cor <h1(@vn)’h2(l§i,wn)> -

n—oo

lim Cor (ha(dn),h2(Din)) . (34)
max (v, w) n—oo

Note that the conditions of applicability (i.e. moment and continuity conditions on rv X) of this propo-
sition depend on the chosen estimators (g, Or Gy 5.6, Gn,6,t as well as lA)m,t for i = 1,2,3) and are
the same as in the corresponding cases for equal sample sizes n. An application of this result will be
discussed in Section 4

Finite sample performance - So far, we have presented asymptotic results for the joint distribution of
the quantile and dispersion measure estimators, given a sample of size n, with n — oo.

In practice, we need to estimate the quantile and measure of dispersion estimators on a finite sample
of size n, as well their corresponding covariance and correlation. It means we need a time-series of
quantile estimates and measure of dispersion estimates which we use to then empirically compute the
sample covariance and correlation.

Thus, by Gnt» qn6,t> and g6 respectively, we denote the quantile estimators (depending on the
chosen estimation method) at time ¢ over the last n observations before time ¢. Accordingly we introduce
the time ¢ for our different measures of dispersion. For notational convenience, we use a framework that
incorporates all different cases (already introduced in Section[I)): Denote the quantile estimator simply
by ¢n,: for a quantile estimated at time ¢ over a sample of size n (it could be either the sample quantile

16



qn, or the location-scale quantile model gy, ; 5., qn,6,¢ respectively). By lA)Z-,m, for: = 1,2,3, we
denote the measure of dispersion of sample size n (and by D its theoretical counterpart), referring with

f)Ln,t = é}%’t or y/f?l,n,t = 0y, to the sample variance or sample standard deviation respectively, with
ﬁln,t = én,t to the sample MAD, and with 1537”715 = én,t to the sample MedianAD.

To assess the finite sample performance, we conduct a simulation study in the following way: We simu-
late an iid sample with mean i = 0 from three different distributions each: Either a Gaussian distribution
or Student distributions with 3 and 5 degrees of freedom, respectively. The sample is of varying size N.
The overall sample size is determined by the fact that we use different sample sizes n for the estimation
of either the quantile or the dispersion measure, with n = 126,252, 504, 1008 (being multiples or frac-
tions of one year of data, i.e. 252 data points), and different lengths of time-series [. In each of the cases,
the overall sample size needed is N = nl. We compute the time series of quantile estimates ¢y +(p) on
disjoint samples for quantiles of order p = 0.95 and p = 0.99 each, and accordingly the time series of

measure of dispersion estimates ﬁmt too. Recalling the correlation of interest, Cor ((jm(p), ﬁmt)

we then estimate the linear Pearson correlation using these two time series of [ estimates. This procedure
is repeated 1’000-fold in each case. Then, we report the averages of the 1’000-fold repetition with, into
brackets, the corresponding empirical 95% confidence interval. Further, we provide as benchmark the
theoretical asymptotic value of the correlation in the last column. Also, we provide confidence intervals
for the sample Pearson linear correlation coefficient (using the classical variance-stabilizing Fisher trans-
form of the correlation coefficient for a bivariate normal distribution to compute the confidence intervals
-see the original paper [18]] or e.g. a standard encyclopedia entry [37]). Note that those confidence inter-
val values have to be considered with care. Recall that the bivariate normality of the quantile estimator
and measure of dispersion estimator holds asymptotically. Hence, it is not clear if for the sample sizes n
considered, we can assume bivariate normality (this could be tested). Still, we provide those theoretical
confidence intervals as approximate guidance.

The full results of the simulation study are available in the Appendix In Table 2| we focus on
the approximation of the joint asymptotic correlation as a function of the sample size n, the different
dispersion estimators and the three different distributions considered. Thus, we only consider the sample
quantile (and not the location-scale quantile) and fix the length of the sample correlation time series to
! = 50 (from the simulations in Appendix [D.2] one can see that such a time series is long enough for a
good estimation of the correlation). Also, here we focus on p = 0.95. Clearly, for a higher quantile, as
e.g. p = 0.99, using the same sample size n for the estimation of the quantile and the sample correlation
will be less precise.

The explicit expressions in the case of a Gaussian or Student distribution of the asymptotic correlation
used to calculate the theoretical values in Table [2] will be shown in Section [3] (but could be already
derived from the theorems presented). Similarly, in Section [3] we will see that the correlation results
for location-scale distributions are independent of its parameters, hence the specification of 1, o2 is not
needed.

We recall that when working with the sample standard deviation, the existence of the fourth moment is
a necessary condition, also when working with the location-scale quantile. Thus, as they do not exist for
a Student distribution with 3 degrees of freedom, we simply write ‘NA’ as theoretical value instead.

Let us look at the results in Table 2] First we consider the Gaussian case. For the three dispersion
measures, the behaviour is equal: We see that a sample size of n = 126 suffices to estimate on average
the asymptotic correlation well enough. Also, the theoretical confidence intervals coming from a sample
correlation of size [ = 50 are captured well by the empirical confidence intervals. Moving to the
Student(5) distribution, the picture changes a bit. The sample correlation with the sample variance does
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Table 2: Average values from a 1’000-fold repetition. Comparing the sample correlation of the sample measure
of dispersion with the sample quantile, as a function of the sample size n on which the quantile is estimated
(fixed length [ = 50 of the time-series used to estimate the correlation). Underlying samples are simulated from a
Gaussian, Student(5) and Student(3) distributions. Average empirical values are written first (with empirical 95%
confidence interval in brackets). The corresponding theoretical values, mean and 95% confidence interval, are
provided in the last column. We consider the threshold p = 0.95.

p=20.95 n =126 n = 252 n = 504 n = 1008 theoretical value

Gaussian distr.

6&"((}%, in(p)) 55(33,71) 55(34,73) 55(34,73) 55(34,71) 55(32,72)
@(én, Gn(p)) 48 (26,66) 48 (26,69) 48 (25,69) 48 (26,66) 48 (23,67)
(ﬁ(fn, dn(p)) 23 (-4,48) 23 (-3,48) 23(-4,49) 23(-4/45) 23 (-5,48)

Student(5) distr.

6&(&3, Gn(p))  51(19,75) 49 (19,71) 47 (19,68) 46 (20,67) 43 (17,63)
(/3&(@”, an(p))  50(27,71) 50(27,69) 50(27,70) 51 (27,69) 51 (27,69)
(/J(;"(én, an(p)) 23 (-6,50) 23 (-6,47) 23(-647) 23 (-6,48) 23 (-5,48)

Student(3) distr.

6&(&%, dn(p))  25(-8,55) 22(-9,52) 19(-947) 17(-14,44) NA
(/jo\r(én, in(p)) 48 (21,68) 47 (23,67) 47 (20,68) 47 (23,67) 48 (23,67)
(/l&(fn, an(p)) 23 (-4,49) 22 (-7,48) 22(-747) 23(-7.49) 23 (-5,48)

not estimate on average accurately the theoretical value. For increasing n, it approaches the theoretical
value. This can be explained by the fact that the theoretical correlation values come from the underlying
asymptotic bivariate normal distribution. Hence, for a small n the corresponding sample quantities are
not yet bivariate normally distributed and one would need a larger sample for this. Correspondingly,
the confidence intervals (whose theoretical values, again, are based on a bivariate normal sample) are
not that exact. This different behaviour is not observed for the MAD or MedianAD with more accurate
results, as in the Gaussian case. While the average with the MAD is slightly (one percent point) below
the theoretical value for most values of n (which is acceptable), it equals the theoretical value exactly
in the case of the MedianAD. In both cases, the sample confidence intervals correspond quite well
to the theoretical ones, potentially indicating that the sample quantities converge faster to a bivariate
normal distribution. The case of the Student(3) distribution is as the Student(5) distribution, the only
difference being that the theoretical correlation values with the sample variance are not defined (as the
fourth moment does not exist). However, the behaviour of the sample correlation with the MAD and
MedianAD does not change.

3 Case of Location-Scale Distributions

We presented in Section [2|the general results about the joint asymptotic distributions for the functionals
of measure of dispersion estimators with functionals of either the sample quantile or the location-scale
quantile estimator. While the results for the former hold for all underlying distributions (with some
smoothness conditions and restrictions on the existence of its moments), the location-scale quantile
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can be built only for location-scale distributions. Thus, to be able to compare the behaviour with both
quantile estimators, we will assume in this section that the rv X comes from a location-scale distribution
Fx with finite mean p and finite variance 2. Such distributions appear often in financial applications.
Standard examples of location-scale distributions are the elliptical distributions such as the Gaussian and
the Student. For instance, if X ~ N (u, 02), then

gx(p) = p+o®(p),

whereas, if X is Student distributed rv (also referred to as ¢-distributed or Student ¢-distributed) with v
degrees of freedom, mean £ and variance o2, then

qx(p) = p+oqy(p) = p+

where Y ~ t(0,“2, 1) and the standard Student rv Y ~ t(0,1,v). Note that we follow the usual
convention to denote a Student rv with mean y and variance o by X ~ t(u,02(v — 2)/v,v), the
second parameter being the scale parameter (and not the variance).

Consequently, we have two different ways of estimating the quantile, either via the sample quantile, or
via the given quantile relation for location-scale distributions. Although both estimators converge to the
same quantity, the theoretical quantile, they do not have the same rate of convergence. This has some
impact on their asymptotic covariance and correlation with the corresponding measure of dispersion
(sample variance, sample MAD or sample MedianAD), thus in practice too. Using the location-scale
quantile, we obtain a better rate of convergence than with the historical estimation, as expected. Hence
our interest of investigating this second way of estimation, as it provides a benchmark in comparison
to the convergence with the historical estimation. Still, the location-scale quantile is not often used in
practice, as one does not generally know the underlying distribution, so using it could add model risk to
the estimation.

In the following, we consider both estimators of the quantile, starting with the historical one, then using
the location-scale formula. In each case, we look at the covariance and correlation with the sample vari-
ance, sample MAD and sample MedianAD separately and apply it to our two exemplary distributions,
the Gaussian and the Student distributions. In the examples it would suffice to consider either the case
of the estimated quantile or its logarithm (recall Proposition [§)) but we provide both for the convenience
of the reader. In the third and last part, we bring together the results of the historical estimation and the
usage of the location-scale quantile model. Using the location-scale quantile as benchmark, we can state
the difference in speed of convergence when using the two estimators by considering the ratio of speeds
of convergence (again separately for the three measures of dispersion considered in this paper). We do
so by looking at the two main examples used in this paper, the Gaussian and the Student distributions.

3.1 Historical Estimation

We start with the version of Theorem [I] using the sample quantile for location-scale distributions, then
consider separately the cases of sample variance and sample MAD. For location-scale distributions,
using the notations above, Theorem [I| simplifies as follows:

Proposition 11 Consider an iid sample with parent rv X from a location-scale distribution having
mean ji, variance o2, and corresponding rv'Y with standardised distribution. Under the conditions
(C1), (Cs) in a neighbourhood of qx (p), for r = 1,2 (M,) respectively and, additionally, (C3) at p,
the joint behaviour of the functionals hy of the sample quantile q,,(p) (for p € (0,1)) and hy of the
measure of dispersion (X, n,r) (defined in (1)) is asymptotically normal (via Theorem , satisfying
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@) where the asymptotic covariance Zgg) = lim Cov (\/ﬁhl(qn(p)), Vnha(m(X,n, 7‘))) simplifies
n—oo
to:

o (r (Y], p) + (2 = 1) (2Fy (0) = Dmi(Y.p)
fy(av(p))

=) = 14 (ax (p) Ry (m(X, 7)), (35)

and the asymptotic correlation to:

im Cor (X 1.1)) = ar x ([Y],p) + (2 —7)(2Fy(0) — D7 (Y. p)
nl_moC (h1(gn(p)), ha(M(X,n,7))) = ax 0 p) VeV @ neR 0 -7

with ax = sgn( h)(gx(p)) x hy(m(X,r))), and 7, defined in (3.

(36)

Further, if we assume the location-scale distribution to be symmetric, then the asymptotic correlation
between the sample quantile and the measure of dispersion estimator can be proved to have its minimum
absolute correlation (value of 0) for p = 0.5 and to be (point-)symmetric with respect to p = 0.5.

Note that the asymptotic correlation (36) is not only independent - up to the sign - of the specific choice
of h1, ha, but also does not depend on the mean ;. and the variance o2 of the underlying location-scale
distribution.

We now look at the specific choices of r = 2 (sample variance) and » = 1 (MAD) separately, to obtain

specific explicit expressions for the covariance ZgQ) or corresponding correlation.

Dependence with Sample Variance - When choosing 7 = 2 in Proposition |11} we are in the case
of dependence with the sample variance, which requires the existence of the fourth moment of the
underlying distribution.

Corollary 12 Consider an iid sample with parent rv X following a location-scale distribution under
conditions (C1), (Cs) in a neighbourhood of qx (p) and (Ms). Let Y be the corresponding rv with stan-
dardised distribution. Then the asymptotic covariance of the sample quantile and the sample variance
satisfies, for p € (0,1),

po’® (1 -E[Y?Y < qv(p)])

lim Cov(v/ngn(p ,\/ﬁc}fl = ) (37)
n—roo ( (®) ) fy(av(p))
from which we deduce the asymptotic correlation:
. X 1 -EY?]Y < gy (p)]
lim Cor(gy, ,0'1% = LN , 38
i, Cor(an(p), 0n) =4 [T BV 1 (38)

which can be rewritten to better show the dependence of the truncated moments on both, the upper and
lower tails, as
p(1 —p) (EI?)Y > gy (p)] - E[Y?]Y < gy (p)])

lim Cor(ga(p), &7) = Ve : (39)

As an application of Corollary[12] let us consider the two elliptical examples of the Gaussian and Student
distributions, for which we can get explicit expressions. The conditions of Corollary [I2] are clearly
met: Both distributions are absolutely continuous and strictly monotonically increasing, i.e. (C7), and
have bounded second derivative, i.e. (C3). For the Gaussian distribution the condition (M3) is always
satisfied whereas for the Student distribution we need a degree of freedom v > 4. For p € (0,1), we
have:
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Example 13 (i) In the case of a Gaussian distribution with mean . and variance o*:

lim Cov(v/ngn(p), Vnéy) = 0@~ (p) = (n+ 0@ (p)) x lim Cov(vn loglgn(p)l,vn&7),  (40)
whereas all the correlations are identical - up to the sign- and equal to:

—1 -1 _
i Con(g,(1),02) = 20D (i 0 (22 ) tim Conloglan(o) 52
n—00 2p(1 _ p) o n—o00 (41)

(ii) In the case of a Student distribution with mean y, variance o and v > 4 degrees of freedom,
u g

2

Jlim Cov(vngn(p), Vne2)=o% /X ; 2 95 (p) <1 + q}-,y(p)> =4/ Y ; 2 (,/ > i S ht qu(p)) x lim Cov(v/nlog(lgn(p)]), Vné2),
(42)

whereas, as before, the correlations are up to their sign all identical in the different cases:

lim Cor(Qn(p)v 5'72L) -

A v=12p(1 - p)

o i 9z (p)
i (ag (0)) a5 (0) (14 2 )Sgn(pF?<—u ©5) ) Jim Cortoglan(1)152)

2 VvV —

(43)
As expected, letting v — oo gives back the results for the Gaussian distribution given in (i).

Dependence with Sample Mean Absolute Deviation - We have seen, when using the sample variance
as measure of dispersion, that we are restricted for the results of asymptotic normality to distributions
with finite fourth moment. If we choose = 1 in Proposition [ 1] i.e. when considering the dependence
between functionals of the sample quantile and functionals of the sample MAD, it allows us to relax this
strong moment condition (only a finite second moment is required). Such a less restrictive condition is
needed for most financial applications, when using for instance Student distributions with 2 < v < 4.

Corollary 14 Consider an iid sample with parent rv X following a location-scale distribution continu-
ous at p and fulfilling conditions (C1), (C2) at u, (C3) in a neighbourhood of qx (p) and (My). Then,
the asymptotic covariance of the sample quantile and sample MAD satisfies, for p € (0,1),

T Cov(van(p). Vi) = 2L (0~ EYIV < gy (9)] - (26 (0) ~ DEIVIY < ay (7))

fy(av(p))
(44)
from which we deduce the asymptotic correlation:
i Cor(gu(p).0,) — Y7 =BV S av )]~ CFY(0) - VEVY Sov®)] 45,
e V(1 —p) Var([Y[ + (2Fy (0) — 1)Y)

Let us quickly look at how these formulae simplify for a Gaussian and a Student distributions (since
both distributions are symmetric around the mean). For this, recall that Var(|X — u|) = 0% — 6? where
0 is defined in Table [I|and the values of § are tabulated for many of the well-known distributions. Note
that we present the expressions only for p > 0.5, the case p < 0.5 being deduced by symmetry. For
p < 0.5,

lim Cov(v/ngn(p), vinf) = — lim_Cov(v/nga(1 — p), vnf)
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or, in the case involving the logarithm (and assuming p = 0),
lim Cov(v/nlog|gn(p)|, vnb,) = lim Cov(v/nlog|g.(1 — p)|,v/nby),
n—oo n—oo

and accordingly for the correlations. Also, we already discussed before Example [13] why conditions
(C1) and (C3) are met for the Gaussian and Student distributions. Further, for the dependence with the
sample MAD, we only require (M), i.e. finite variance, as mentioned before. While this is fulfilled for
the Gaussian distribution, we need v > 2 for the Student case. Thus, we only need to argue why (C3) is
fulfilled: As both distributions are continuously differentiable, they are also Holder continuous.

Example 15 (i) In the case of a Gaussian distribution we have, for p > 0.5,

o2

Jim_ Cov(v/ngn(p), vVnbn) = 2@ 1(p)

<<b(<1>—1(p)) —1-p \/E) = (n+0® " (p) x lim Cov(vnloglgn(p)l, Vinhn), (46)

whereas the correlation is -up to the sign - identical in the two different cases

_ ) “1(p)) — (1 — p
lim Cor(gn(p),0n) = sgn (P — Fy (:)) th_g)lo Cor(log|gn(p)|,0n) = o(@ (p) — (1 p)\/ﬁ

n—oo \/p(l—p)\/l—2/ﬂ'
(47)
(ii) For the case of a Student distribution with v > 2 degrees of freedom, for p > 0.5,
iy o2w=2) (fplez®) [, G®Y _ T3
lim Cov(v/ngn(p), vnby) = AL 4 1+ ) - 2 _(1—p
==y v ) v P
(48)
and for the case involving the logarithm,
2 1 az (p) ) (1-p)
- of(v-2) <y_1 (1 +7 ) ~ VL) Toay ()
lim Cov(v/nlog|gn(p)|, vnbn) =
o/ 52 ap(p)
(49)
. o o [ TH v . A
and nh_}ngo Cor(gn(p),0n) = sgn <p Fy < A\ 2)> X nh_{go Cor(log|gn(p)|, 0n)

v—1

2 (p) v
1 Iy (a5 (p) <1 + qyyp> —(1-p) TLF((iz))

y_ol
p(1—p)\/1 =2 iy
(50)

As expected, letting v — o0 provides the results for the Gaussian distribution given in (i). This
might be not as obvious as in Example [I3| and one might need to recall the asymptotic property

r
of the Gamma function lim M

T (n)ne = 1 that we need to use here withn = vaand o = 1/2.
n—00 nn

Dependence with Sample Median Absolute Deviation -  As in Section[2] we treat the case of depen-
dence with the sample MedianAD separately. We start by presenting the dependence of functionals of
the sample quantile and the sample MedianAD in the case of general location-scale distributions.



Proposition 16 Consider an iid sample with parent rv X from a location-scale distribution fulfilling
conditions (M), (C1) and (C3) in neighbourhoods of qx (p),v,v £ &. Then, the joint behaviour of the
functionals hy of the sample quantile q,,(p) (for p € (0,1)) and hy of the sample MedianAD &,, (defined
in Table[l) is asymptotically normal (via Proposition[3) and rewrites as:

o2

limCov (Viths (4n(p)). Vitha(én)) = b (ax (p)) B5(€) x
gy, Cov (Vs Vb)) = Hiax (51 Fo(ay () (P () 4y (250

((fy(v+f,—u)—fyf(”<‘§::)>) max (-5, 251) (07 Fr(CEET R (FY(V_i_M)’p)) +1;p> -
v (%~

The asymptotic correlation is - up to the sign - independent of the specific choice of hy, ho. Introducing

1 (o (2 () (1 (5) e (=) (55 (o (25 o ().

and with a+ = sgn (b (qx (p)) h5(€)), we have  lim Cor (hl (4n(p)); hQ(é")> = axX

n—oo

vtE—py_ v—E—p
2 (Lo I ) e (8, 250 ) + 152 — mane (0, By (ZH552) — max (Fy (©522), p) ))

_ b
PA=p)\J1+ o=

We observe that, in the case of the sample MedianAD, the formulae for asymptotic covariance and
correlation do not simplify for general location-scale distributions (compare (51)), (52) with those for
general distributions in Proposition [3), contrarily to the case of the sample variance and the sample
MAD. Nevertheless, when assuming additionally the distribution to be symmetric, which covers a big
part of the location-scale distributions (as e.g. the Gaussian and Student distributions), those expressions
simplify a lot, as can be seen in the next proposition.

Proposition 17 Consider an iid sample with parent rv X from a symmetric location-scale distribu-
tion having mean y, variance o* and fulfilling conditions (M), (C1) and (C3) in neighbourhoods
of qx(p),v,v = & Then, the joint behaviour of the functionals hy of the sample quantile q,(p) (for
p € (0,1)) and hg of the sample MedianAD én (defined in Table is asymptotically normal (via Propo-
sition B) and (I0) rewrites as:

N 02 - — zINax — Imax
lim Cov(yih (ga(p)), Vitha(§,)) = L= 20 0, 34 = max (1/4,)))

"%" 1y (av () fr (av (3/9)) My (ax (p)) K (€).

(53)
The asymptotic correlation, independent - up to its sign - of the specific choice of hy, ho, satisfies:
_ 1—p—2max(3/4 —max(1/4,p),0)

lim Cor(h1(gn(p)), ha(én)) = e x sgn( hy (qx (p)) hy(€))
(54)

and does not depend on the underlying symmetric location-scale distribution at all.

Also, the asymptotic correlation between the sample quantile and the sample MedianAD can be proved
to have its minimum absolute correlation (value of 0) for p = 0.5 and to be (point-)symmetric with
respect to p = 0.5.

The fact that the correlation above is completely independent of the underlying distribution is some-
thing to point out! As an application of Proposition let us consider the two elliptical examples of

23



the Gaussian and Student distributions, for which we can get explicit expressions. Again, we already
discussed before Example 13| why conditions (C4), (C3) are met in general for the Gaussian and Stu-
dent distribution. Because of the location-scale distributions, we need condition (M) (finite variance)
to be fulfilled, thus need v > 2 in the case of the Student distribution (although the asymptotics with
the sample MedianAD do not need a finite variance of the underlying distribution in general). As we
already know that the asymptotic correlation will be the same for the two distributions, we present the
example in a more compact form. We can show that, for p € (0, 1), we have

Example 18

2

g
4

lim Cov(v/ngn(p), vVnén) =

—T L —T ifX’\‘N(:uvoj)
1 —p— 2max(3/4 — max (1/4,p),0 d(@~1(p) o (21 (3/4))
(=7~ 2max (3/4 = max (1/4,7),0)) {fy(qy(p))fv(qv(ii/ﬁl))uz X~y (v — 2)0 1)

. p+o® Hp) ifX ~N(p,0°),
= Jim_Cov(v/n loglgn(p)l, vn&n) {M + ) X~ (v —2)0? /u,p). (35)

As expected, if we let v — 00 in the Student case, we get back the results for the covariance of
the Gaussian distribution. For both distributions, the correlations are identical - up to its sign when
considering the log-quantile:

1 —p—2max(3/4 —max(1/4,p),0)

Jim Cor(ga(p). £2) = ax x lim Cor(loglan(p)] &) = o ES
[ sen(p — ®(—p/0)) if X ~N(po%),
where ax = sgn (p - Fy (_7“ ﬁ)) if X ~t(p,(v—2)0%/v,v).

3.2 Location-scale Quantile

Recall that, already in Subsection [2.2] we presented results for the location-scale quantile, namely the
unified result for the dependence of the location-scale quantile with the sample variance or sample MAD
(Proposition [ Corollary [5) as well as the corresponding results when using the sample MedianAD
(Proposition |6 Corollary [7)).

Hence, while keeping the same structure as in Subsection [3.1] the presentation differs a bit: We directly
start by looking separately at the covariance and correlation of the location-scale quantile with the sample
variance (r = 2) and sample MAD (r = 1). In the case of the sample MedianAD we present the case
for symmetric location-scale distributions. Since we distinguish the cases p unknown from known, we
present the more general case first (i unknown), and then comment on the case with known mean p. As
before, we present explicit expressions for the covariance and correlation in the case of the Gaussian and
Student distributions for all three cases of measures of dispersion. Last but not least, recall that using
the asymptotics with the location-scale quantile model implies assuming the existence of a finite fourth
moment - this is in contrast to the historical estimation with the sample quantile (where we do not need
a finite fourth moment when considering the dependence with the sample MAD or MedianAD).

Dependence with Sample Variance - Let us start with the dependence of the sample variance and a
location-scale quantile model and state the result that follows from Proposition 4] when choosing r = 2.

Proposition 19 Consider an iid sample with parent rv X following a location-scale distribution. Then,
under (C1), (My), the asymptotic covariance and correlation of the location-scale quantile qy, ;, 5 and
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sample variance 2 satisfy, respectively for p € (0,1),

4
. ~92 H4 — O
Jim Cov (Vg js(P), vV 6y) = p3 + av (P) =

and lim Cor (¢n;4(p),62) = sgn(p — Fy (0))

rYn
n—oo

(57)

2E[Y?] >
1+ . 58
\/1+ e < (E[Y*] — Day (p) .

(E[Y4]-1)gi (p)

Note that those expressions and (58) simplify quite a lot when assuming zero third centred mo-
ment (u3 = 0 = E[Y3]), as e.g. for elliptical distributions, or when the mean is known, giving in
this latter case that the asymptotic correlation of the considered estimators is always 1 (up to its sign),
irrespective of the underlying parameters or the distribution itself; indeed, in such a case becomes

nlgrolo Cor (gn5(p),62) = sgn(p — Fy (0)).

Applying Proposition [I9] to the cases of a Gaussian and a Student distributions, we need those distri-
butions to fulfil (C}) (fulfilled, as discussed for Example and (M) (because of the location-scale
quantile), hence need v > 4 for the Student distribution. As before, we assume e.g. that the mean p is
known, which provides:

Example 20 (i) For the Gaussian distribution N (i, 02):

lim Cov (Vngns(p), Vnoy) = 0@~ (p) = (u+ 0@ (p)) x lim Cov (v/n loglgns(p)|, V7).

(39)
lim Cor (gn.5(p). 67,) = sgn(p — 1/2) = sgn(p — &(p/0)) x lim_ Cor (loglgns(p)].77,) -
(60)
(ii) For the Student distribution t(u, (v — 2)o? /v, v) with v > 4,
lim Cov (V1 gn s (p), V71 52) = 035 (p) sy [ L2 (61)
n—00 e ’ n Y v—4 v

= (1 + 095 (VT —2/v) x lim Cov (Vi loglans(p)l, VR 62)

. ) —H . )
lim Cor (gn(p), ;) = sgn(p — 1/2) = sgn (p — Fy (U — 2)) x lim Cor (loglgns(p)l, 07,) -
(62)

While the correlations are already the same - up to a sign - for the Gaussian and Student distributions,
we can also check that taking v — oo in (ii) gives back the result for the asymptotic covariance in the
Gaussian case.

Dependence with Sample Mean Absolute Deviation - We continue with the dependence of func-
tionals of the sample MAD and a location-scale quantile model - which corresponds to the case when
choosing = 1 in Proposition 4}

Proposition 21 Consider an iid sample with parent rv X following a location-scale distribution fulfilling
conditions (C1), (Ma2) and (C3) at p. Then, the asymptotic covariance and correlation, respectively, of
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the following functionals of the location-scale quantile gy, ;, 5 and sample MAD én satisfy, forp € (0, 1),

lim Cov (fqn,w( ), \/ﬁén> = o2 <2Fy(0) —2E[YV2 Iy q)) + qyz@) (Enym —0/o + (2Fy(0) — 1)IE[Y3]> )

n—oo

lim Cor
n—oo

( . ) _ 2Fy(0) — 2E[Y? I(Y<O)] + qY ( ([Y]*] —60/0 + (2Fy(0) — 1)E[Y3])‘

Qn,ﬂ,&(p)ven
V(1 G2 + 0 () EIY) Var (] + 2Fr(0) - 1Y)

Once again, those expressions clearly simplify when assuming zero third centred moment (u3 = 0 =
E[Y3]), as e.g. for elliptical distributions, or when the mean is known. For instance, in this latter case,

we obtain:
lim Cov (\qu( ), \/ﬁén> - 02‘—’Y2(p) (E[Y[*] - 0/ + (2Fy(0) — 1) E[Y?)), (63)
. 1.6 — sen(p E[Y[|?] —6/c + (2Fy(0) — 1) E[Y?]
and. Jim_ Cor (4.().0») = sgn(p = Fr (0)) VENT 1) Var(Y[+ 2Fy(0) - 1)Y)

(64)

Revisiting the two examples of the Gaussian and Student distributions, the same remarks as for Exam-
ple 15| apply here: The case p < 0.5 is deduced by symmetry, and we need to use the property of the
Gamma function to recover the Gaussian expression in the case v — oo. Further, we discussed already
for example 15|that (C}) and (C) are met; contrary to the case with the sample quantile, the condition
v > 4 cannot be dropped because of the use of a location-scale quantile. The results of Proposition [21]
become, assuming e.g. that the mean p is known:

Example 22 For p > 0.5, we have:
(i) For the Gaussian distribution N (i1, 0?)

R 2p-1 R
Tim Cov (v gus(p), Viby) = am@ = (u+ 007! (p)) x lim Cov (v/n 10glgns(p)], v r )
(65)
: ;) _sen(p—1/2) . ;
and i Cor (ans(p).0n) = = = = sgn(p — @(u/o)) x lim Cor (1oglans(p)].0n )
(66)

(ii) For the Student distribution t(uu, (v — 2)0° /v, v) with v > 4 degrees of freedom:

o*(v — (v = 2)T(*F)ay (p)
2(v = 3)yvr I'(v/2)

lim Cov (fqnc,( ),\/ﬁén> -

n—0o0

= (p+0ogy(p)v1—2/v) x Cov (x/ﬁ 10g|gn.5 (p)], \/ﬁén) :
(67)

. A sgn(p —1/2 v—1)(v—2 — v . A
and lim Cor (q"’f’(p)’ 0”) T ﬁréw)/z)( . )2 - e <p ~ ((fu v 2)> X ai3n, Cor (logm"’f’(p)" 9") '
(v =3) /T — (v =2y 7%

(68)

Dependence with Sample Median Absolute Deviation - As mentioned, we already presented the
asymptotic distribution of the location-scale quantile with the MedianAD (Proposition [6] Corollary [7).
Therein we saw that the general expressions for the covariance and correlation are very long and tedious.
Thus, we consider separately the case of symmetric location-scale distributions, where expressions sim-
plify: As before, we then apply those results to the case of the Gaussian and Student distributions.
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Proposition 23 Consider an iid sample with parent rv X from a symmetric location-scale distribution
having mean i, variance o®. Then, under (Cy), (Mz) and (C3) in neighbourhoods of v, v % &, the joint
behaviour of the functionals hy of the quantile from a location-scale model gy, j, 5(), qn,s(p) respec-
tively (for p € (0,1)) and hs of the sample MedianAD én (defined in Table|l)) is asymptotically normal
and we have:

(i) when p is unknown

o By (gx (p))h5(€)
4 fy(qv(3/4))

lim Cov (fhl(qn a5 )),\/ﬁhQ(énD —

1
Tim X qy (p) (2 - 2IE[YQl’(o<Y<qy(3/4)>]> ,
(69)

ay (p)/2 — 2Elqy (p)Y* Loy <qy (3/4))]
\/1 + g3 (p) =

)

lim Cor (1 (anjus (1), ha(én) ) = sgn (W (ax (p)) B(€)) x

n—o0

(70)

(ii) when u is known

tim Cov (Vs (g (0) Vika(én)) = PRI o) (L 2By By i)
(71

i Cor (m(gns(p).1a(6r)) = sem (1 ax () 15(©) < s (= 5 ) - _4E[Y£f;“’4<]i§j”3/4’”.
(72)

We observe once again that the asymptotic correlation does not depend on the mean g and the variance
o2 of the underlying location-scale distribution, even if the two expressions differ depending on if i is
known or not. Further, the correlation is also constant (in p) up to its sign.

Let us go back to our main examples of elliptical distributions, the Gaussian and Student distributions,
to see how those results apply, when assuming e.g. that the mean p is known. We already discussed
for Example (18| that (C) and (C3) are met. Again, as we are working with the location-scale quantile
the condition v > 4 is necessary. We also get back from the Student case for v — oo the Gaussian
expressions.

Example 24 (i) For the Gaussian distribution N (p1, o%), we have:

M (I)—l(p) = (#_Fo'qY(p)) th—{go Cov (\/ﬁ 10g |Qn,&(p)|’ \/ﬁén) ’

nh_}rrolo Cov <\/’EQn,&(p)a ﬁén) = 5

(73)
. 2 —1 3 —1 3 1 ~
lim Cor (gn,5(p), €)= 2v207( ) o (@7 (5 ))sen (p— 5 ) = sen (p— @~ lim_ Cor (10glans (p)] &) -
n—00 ’ 4 4 2 o
(714)
(ii) For the Student distribution t(u, 0*(v — 2) /v, v) with v > 4,
A 025 (3/4)( 1+ q%,(f/zl) - )
lim_Cov (Vi ans (), vVinén) = a5 (p) 2(U12 ) (u +oy/ TQ‘]Y (p)) JimCov (Vi loglan,s ()|, vinén ), (75)
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220 = oy 3/ a53/4) (14 E22)
— (76)
= sgn (p ~Fy (;” — 2)) x 1im Cor (loglans(®).6n) . (77

and lim Cor (qn,&(p),én) = sgn(p — 1/2) x

n—o0

3.3 The Impact of the Choice of the Quantile Estimator for Elliptical Distributions

In the previous two subsections [3.1] and we have explicitly computed the different asymptotic cor-
relation and covariance values in the Gaussian and Student cases when using either the sample quantile
(n,» or the quantile estimators obtained via the location-scale model ¢, 5 with known .

We observe that those expressions differ depending on the choice of the quantile estimator. To better
point out this difference in convergence speed, we consider the ratios of asymptotic covariances or
correlations when using the two different quantile estimators. We will not provide those ratios in the
general case, since, from a mathematical perspective, this would be redundant, all the quantities we
want to put into relation being readily available from the last two subsections. Instead, we will focus on
the analysis of the two examples, the Gaussian and the Student distributions. We provide not only the
theoretical expressions, but also plots, to compare the rate of convergence.

As the ratios do not depend on the functionals hq, hs of the corresponding quantities, we can focus on the
case where h1, ho are the identity functions to build the ratios of asymptotic covariances and correlations
respectively. This will make the results more traceable.

Further, recall that the expressions containing the sample MAD are valid only for p > 0.5, the case of
p < 0.5 being deduced by the corresponding symmetry around p = 0.5. In general, by the symmetry
around p = 0.5 in all cases, we will focus on p > 0.5.

For the ease of readibility, by abuse of notation, the term ‘sample’ in the context of estimators might
be omitted in this section as we will be exclusively referring to sample quantities throughout: We will
use variance, MAD and MedianAD synonimously for sample variance, sample MAD and sample Medi-
anAD, respectively.

3.3.1 Gaussian Distribution

In the case of a Gaussian distribution N1, ) with known 1, we first look at the ratio of asymptotic
covariances in the three cases (sample variance, sample MAD, sample MedianAD).

For the sample variance one needs equations (0) and (39), for the expressions involving the sample
MAD equations @6)), (63)), and finally for the sample MedianAD equations (53)) and (73).

28



nh_)n(%o Cov (Vi gns(p), vno2) hHl Cov (vV/n h1(gn,s(p)), Vnha(57))
Jim Cov (Viagu(),vat)  Tim Cov (Vithi(a®),viha(@a))  var (627 m) — (1 - p)y/2)
lim Cov (fqng( )7\/ﬁén)  lim Cov (\fhl(qng( ), v/ ha (0, ) o(@~1(p))2 1 (p) 7

n—oo n—oo

)
Jim Cov (Vatgn(p)vaide)  lim Cov (VA (an(®):viaha(&)) 1) max (0, 3/4 — max(1/4,p))

lim Cov (Vnga(p),vnéy) — lim Cov (vihi(gn(p), vnha(67,)) »
2) ’

nILH;o Cov (\/ﬁqnﬁ(p),\/ﬁén) hm Cov (fhl(qng( ), fh2(§H)> 2¢(q>—l(p))q>—l(p)q)—1(3/4)¢(¢—1(3/4))'

We have depicted the three cases in the left plot of Figure[I] In the case with the sample variance, the
speed of convergence is identical for the covariances for all values of p (in the case of comparing the
sample quantile with the location-scale quantile with known p), leading to a constant ratio equal to 1.
For the sample MAD the behaviour of the ratio of asymptotic covariances is different. First, the ratio
is always positive meaning that both covariances have always the same tendencies. Also, it is bigger
than 1, i.e. the asymptotic covariance with g, is bigger than with g, 5 (up to a factor of 2 for p = 0.5),
except for the following values of p, p < 0.07 and p > 0.93, where the ratio goes below 1 and drops
near to 0.6 (i.e. the asymptotic covariance with g, 5 is up to 1.5 times bigger than with g,). Recalling
Remark [9] the value is not defined for p = 0.5, thus we simply set the value by continuity. In the case
of the sample MedianAD, the ratio of asymptotic covariances is, in contrast to the case with the sample
variance or sample MAD, bi-modal (with maxima at p = 0.25,0.75). Otherwise it follows the same
tendencies, the values going below 1 (to values as low as 0.2) for boundary values of p, here p < 0.09
and p > 0.91. The other values further in the ‘interior’ of (0, 1) are above 1 and reach values up to 2.72
at their maxima.

Comparing the asymptotic covariance-ratios for the three measures of dispersion, we see that the speed
of convergence for gy, g, s is similar for p around their intersection points (i.e. around 0.1 or 0.9). For
p near to the extremes, the variance and MAD seem somewhat similar, while the covariance-ratio for
the MedianAD is a lot lower in this cases (approximately half the value of the MAD and one fourth of
the variance). For p-values in the interior of (0, 1), the difference between the measures of dispersion
increases (the difference between MedianAD and MAD or variance respectively is the highest around p
=0.25 or 0.75, while between MAD and standard deviation for p around 0.5).

Subsequently, let us turn to the ratio of the correlations in the Gaussian case, using Equations (1] [60),
#71[66) and (56 [74) for the ratios with the sample variance, the sample MAD and the sample MedianAD
respectively:

lim Cor (qn(p)7 &i) hm Cor (hl(qn 2(62) ) p-1 —1

'n:~>oo = _ 2 )@ (p) = | lim Cor (qn(p), é’i)h
nlL)ITolo Cor (Qn,&(p)7 Un) hm Cor (hl (qn U( )) (G L)) 2p(1 - p) noee

lim Cor( gn(p), On lim Cor( hi(gn(p _ .
7T~>oo ( A) _ m—ooo ( ) ‘\f¢( (p)) (1 p)\/i‘ _ m| lim Cor(qn(p), 9n)|7
Jlim Cor((guo(). 6x)  lim Cor(m(qm( ). h (en>) P =) i

Jim Cor((4a(2), &) _ 1 Cor(fuaa (), ha@) |1 — p— 2max (0,3/4 — max (1/4,p))|
nlirréo (]or(<1n7(~,(1))7 én) nl;rréo Cor(hl(qn,&(p)), hz(ﬁn)) (3/4)¢(q)71(3/4)) p(1—p) .

Again, we depict the results in Figure [I] (the middle plot has the same scale as the covariance plot, the
right plot an absolute scale): We see that the tendencies are the same for all three measures of dispersion
considered: The ratio is symmetric around the axis p = 0.5, always below 1 meaning that the asymptotic
correlation is bigger for ¢, 5 than g, and equal to 0 for p = 0.5. For the sample variance, the result is
due to the fact that lim Cor (Gns(p), 62) = 1.
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Ratio of asympt. cov. (using g, Vs q, , ) - Gaussian distr. Ratio of asympt. cor. (using g, vs g, ; ) - Gaussian distr. Ratio of asympt. cor. (using g, vs g, ; ) - Gaussian distr.
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Figure 1: Ratio of asymptotic covariances (left) and correlations (in the middle on same
scale as covariance, on the right on absolute scale) between the quantile estimator with
the measure of dispersion estimator, when using ¢,, versus g, s, considering three different
measures of dispersion each (sample variance, sample MAD, sample MedianAD) in the
case of a Gaussian underlying distribution.

For the sample MAD, as noticed, it is structurally similar. The ratio equals /7 — 2x lim Cor< an(p), én> ,
n—oo

i.e. it is multiplied by a factor bigger than 1. The overall amplitude is slightly bigger than in the case for
the sample variance. With the sample MedianAD, the ratio of asymptotic correlations behaves as for the
sample variance and sample MAD, and has a similar shape. But the amplitude is different and is clearly
the biggest in this case. Also, from all three measures of dispersion, it is the nearest to 1 at their maxima
(value of 0.95 at p = 0.25,0.75), i.e. there the asymptotic correlation is similar for ¢, and g;, 5.

Again, we compare the ratios for the three measures of dispersion and look only at the behaviour for
p > 0.5 as, by symmetry around p = 0.5, we can observe the same behaviour for values of p < 0.5. We
see that for values of p around 0.91, the ratios behave similarly in all three cases, while they are most
different around p=0.75 (the maximum of the MedianAD correlation-ratio). For p > 0.91, standard
deviation and MAD look very similar, while MedianAD only for values very near to 1.

3.3.2 Student Distribution

Let us now consider the case of a Student distribution ¢(u, 0?(v — 2) /v, v) with known p and v > 4
degrees of freedom (to have all quantities well-defined). To compare the behaviour also to the Gaussian
distribution (as we know that we get back the Gaussian expressions for v — ©c0), we consider three
different degrees of freedom in the plots: v = 5, 10, 40.

Referring to Equations 1), and (53] [75) for the three dispersion measures, respectively, we
get for the ratio of asymptotic covariances:
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Let us have a look at these behaviours in the first row of Figure[2] where the cases of v = 5,10, 40 are
presented in separate plots. We first consider the left plot for v = 5. For the sample variance, recalling
the case of the ratio for the Gaussian distribution (= 1, Vp € (0, 1)), it is interesting to see how it
behaves for finite v: The ratio values are below 1 for pipresn < P < 1 — Diresh Where pipresn = 0.01.
The lowest value is 0.25 meaning that the asymptotic covariance with g, 5 is four times as big as with
Gn- For p < piresh, P > 1 — piresn the ratios are above 1 with exploding growth for p tending to 0 or 1.

In the case of the sample MAD and for v = 5, we see a somewhat similar behaviour as for the asymptotic
covariance with the sample variance. The ratio is below 1 for 0.01 < p < 0.99 and within this range,
also reasonably close to 1, especially for p near 0.5. As for the sample variance, the ratio seems to
explode for p tending to 0 or 1. With increasing v, the behaviour where ratios are below and above 1
swaps, which we look at in more detail in the second row of Figure[2]

The ratios of asymptotic covariances for the sample MedianAD behave as in the case of the Gaussian
distribution (with values being a little bit different for small ). It means that the ratio of asymptotic
covariances is bi-modal and above (below, respectively) 1 for values of p in (outside of, respectively) the
interval (0.07,0.93). Its maxima are at 0.25 and 0.75 where the ratio reaches a value of 2.71. It is clearly
the ratio with the largest amplitude.

Comparing the three measures of dispersion, we see, for ¥ = 5, that their ratio is similar for values
around the interval (0.96,0.99), while very different otherwise (mostly a factor of 2 or more). We also
see that for the extreme values of p, the covariance ratio behaves very similar for the variance and the
MAD. Interestingly, the relation between the covariance of the three measures of dispersion changes for
increasing v. While they still behave similarly around (0.96,0.99), we can see that MAD and MedianAD
get closer to each other around p =~ 0.5, whereas in the limit p — 1, the MAD and the variance do not
show the same behaviour anymore (they are rather divergent).

In the second row of Figure[2] we present the ratios of the asymptotic covariances again, but in a different
way. For each given measure of dispersion we have a plot on its own, showing the cases of different
Student distributions as well as the Gaussian distribution in order to compare how big the differences
between those two elliptical distributions are. As we already could see from the first row of Figure
the difference between the Student and Gaussian cases is clearly visible for the sample variance and
the sample MAD - while it is small for the sample MedianAD. With the sample variance, we see that
the covariance ratio for values near p = 0 or 1, is clearly distinct from the Gaussian case for small
values of v. Even for v = 40, we still see the difference. Also, for increasing v, the value of pyyesp, 18
decreasing (but only minimally), but all the values are getting nearer to 1 (as expected). In the case of
the sample MAD, we see that the behaviour of the ratio of covariances is, for small degrees of freedom,
quite different from the Gaussian case. The shape of the covariance ratio for p near 0 or 1 changes from
small values for v (ratio above 1) to bigger values of v (ratio below 1). For values in the interior of (0, 1),
we see the reverse behaviour. For v = 5, the values are below and, for p = 0.5, very near to 1, while for
increasing v, those values are clearly above 1. For the covariance ratio with the sample MedianAD, we
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observe, as already remarked, that for any degree of freedom considered, the values are very close to the
Gaussian case.
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Figure 2: Ratio of asymptotic covariances between the quantile estimator with the measure of dis-
persion estimator, when using ¢,, versus g, s, considering three different measures of dispersion each
(sample variance, sample MAD, sample MedianAD) in the case of a Student distribution. First row: As
a function of the measure of dispersion with 5,10 and 40 degrees of freedom (from left to right). Second
row: As a function of the degrees of freedom for each measure of dispersion (sample variance, sample
MAD, sample MedianAD -from left to right).

Finally, let us look at the ratio of asymptotic correlations for the Student distribution. Using the pairs of

equations (43} [62), (50} [68) and (56] [76) respectively, the ratios are as follows:
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We compare the three different measures of dispersion in the first row of Figure 3] again, separately for
v = 5,10,40. The general tendencies for all three measures of dispersion (sample variance, sample
MAD, sample MedianAD), even for different degrees of freedom, are as in the Gaussian case: The ratio
is symmetric around p = 0.5, tends to small values for p tending to 0 or 1 and equals 0 for p = 0.5.
Let us look at the case v = 5 (left plot). The correlation-ratio with the sample variance is below 0.5
for all values of p. Starting from p = 0.5 (with a value of 0), it is increasing in p until its maximum of
0.43 at 0.99, afterwards it decreases. The MAD behaves as the variance, only that the values increase
from 0 at p = 0.5 much faster and reach a maximum of 0.68 at p = 0.92. Also, the decrease afterwards
is quicker, as one can see from the fact that, for p — 1, the values seem lower than for the variance.
Again, the MedianAD has the largest amplitude, its maximum of 1.81 is achieved at p = 0.75, i.e., in
contrast to the other measures of dispersion, it has ratio values above 1 (in the interval (0.65,0.91)). As
the decrease was the largest compared to the two other measures of dispersion, the increase too. The
ratio for p — 1 has values around 0.2 meaning that the asymptotic correlation with g,, 5 is five times
bigger than with ¢,.

Comparing the three measures of dispersion, we can make similar comments as in the Gaussian case.
The ratio values are similar in a (very small) neighbourhood of p = 0.5 and between the maximum for
the MAD and the variance (i.e. in the interval (0.96,0.996)). The biggest difference between the ratios
is for the values around the maximum for the MedianAD ratio (p = 0.75).

Then, in the second row of Figure [3| we compare the correlation-ratios for each measure of dispersion
separately, as a function of the degrees of freedom of the underlying Student distribution. We see a
behaviour that is different to the case of the covariance-ratios in the second row of Figure 2| For the
sample variance, we can clearly see the different correlation-ratios for the different values of v. Around
p = 0.5, the values are close in the different cases, also somewhat in the very tails (but not the limit).
The difference is the largest around the values of the maximum of the Gaussian correlation-ratio (i.e.
p =~ 0.94). In the case of the sample MAD, we do not have a change in behaviour of the correlation-
ratio (i.e. being below or above 1 in dependence of /), as we had for the covariance-ratio. We see a
smooth convergence in v towards the Gaussian case. For most values of p, there is little difference of the
correlation-ratio values as a function of v. Only around the maximum for v = 5 (p = 0.92), we have a
relatively slow convergence in v to the Gaussian case. While for the sample MedianAD covariance-ratio
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the difference between the different Student cases and the case of the Gaussian distribution was very
small, the difference is pronounced for the correlation ratio: Apart from p around 0, 0.5 and 1, we can
clearly see the difference of the correlation-ratios for v = 5,10, 40 and the Gaussian case. As for the
MAD, the difference is the biggest around the correlation-ratio maximum for v = 5 (p = 0.75). But
overall, we have a smooth convergence with increasing degrees of freedom to the Gaussian case.
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Figure 3: Ratio of asymptotic correlations between the quantile estimator with the measure of dis-
persion estimator, when using ¢, versus g, s, considering three different measures of dispersion each
(sample variance, sample MAD, sample MedianAD) in the case of a Student distribution. First row: As
a function of the measure of dispersion with 5, 10 and 40 degrees of freedom (from left to right). Second
row: As a function of the degrees of freedom for each measure of dispersion (sample variance, sample
MAD, sample MedianAD -from left to right).

4 Application to Quantitative Risk Management

Based on the previous results of this paper, we can now draw a statistical framework for applications in
quantitative risk management. We start by giving a brief overview of some well-known risk measures
(Value-at-Risk, Expected Shortfall and expectile) and discuss the dispersion measures in the context of
quantitative risk management. Using the theoretical asymptotic results from the previous sections, we
give corresponding results for the asymptotic dependence between risk measure estimators and measure
of dispersion estimators; they might add another layer to the discussion of which risk measure might be
best to use (from a theoretical as well as practical point of view). As before, we give explicit formulae
in the cases of the Gaussian and Student distribution.
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We then turn to an example from finance, which initially raised the general question treated in this
study. We relate our theoretical work to empirical findings in the literature as e.g. in [9]],[43] (and the
related Section 3.6 in Zumbach’s book [44]). To do so, we assume to have an underlying iid distribution
and present the explicit asymptotics for the two distributions considered throughout, the Gaussian and
Student distributions, using the results from the previous sections. We then look at how the sample
size influences the dependence results for this specific example and discuss theoretically the changes
observed when considering longer sample sizes in an asymptotic sense. We conclude by discussing
the usefulness of these theoretical results for finite sample applications: We compare, for the differ-
ent risk and dispersion measure estimators, the values provided through the analytical formulae with
those obtained via simulated iid samples for the two main elliptical examples of this paper in a setting
corresponding to the empirical analysis performed in [9].

4.1 Estimation with Various Risk and Dispersion Measures

While we already introduced the dispersion measures and their estimators in Section[I} we have a closer
look how they are used in the context of quantitative risk management. Also, we briefly introduce the
three risk measures considered and link their estimators to the quantile estimators. Finally, we provide
explicit formulae for asymptotic correlations of the estimators of those risk and dispersion measures,
and plot them in the case of the Gaussian and Student distribution.

4.1.1 Dispersion Measures

When talking about dispersion measures, we focus on those used in this note: The standard deviation
(or equivalently the variance), the mean absolute deviation and the median absolute deviation.

While the standard deviation is the most popular measure of spread/dispersion, there are different reasons
for considering alternatives in some situations. From a statistical as well as applied point of view,
one of them is the theoretical moment condition the sample estimators might require. This we have
commented on, throughout the paper, and we summarise it again in Table [3} The variance and MAD
only exist for a distribution with finite variance, in contrast to the MedianAD, which exists even for an
infinite-mean distribution, and the estimation of such quantities only makes sense if the true parameter
exists (in finance, such observations date back to Fama’s analysis of stock-market prices, see [16]). To
work with the asymptotic normality of the estimators, we have more restrictive moment conditions:
For the sample variance we need the fourth moment to exist, whereas for the sample MAD only the
second moment, and for the sample MedianAD no moment condition is necessary. Also, from the so-
called Bahadur representations of the sample MAD and sample MedianAD ([4], [31] respectively), one
can see that neither of the two estimators is unbiased (although they are asymptotically unbiased, i.e.
nh_}ngo E[S\n —A] = 0 for an estimator An of the parameter \). As the three estimators have non-degenerate

asymptotic distribution functions (when the conditions on the underlying distribution are met), they are
all three consistent.
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Table 3: Overview of moment conditions related to statistical properties of the measure of dispersion estimators

Estimator Existence of theoretical Consistency / Moment condition for
counterpart Unbiasedness asymptotic normality
Sample 2 4
Variance (62) E[X?] < o0 Yes/Yes E[X*] < o0
Samleée 1)\/[AD E[|X]] < oo Yes/No E[X?] < oo
n
Sample -
MedianAD ( én) no moment condition Yes/No none

Also, clearly, the choice of dispersion measure depends on the objective of the estimation. Without
doubt, the sample MedianAD is the most robust estimator with respect to outliers, whereas the sample
variance is very sensitive to such and the sample MAD being in between the two (see [20] for someone
advocating the MAD:; also [28], for a discussion about outlier detection from an applied point of view).
For a good overview over advantages and properties of these three different measures of dispersion, see
[20] and [34] and the references therein.

The discussion about which measure of dispersion to use, also takes place in areas of QRM. For in-
stance, in [13]], this is addressed for the so-called ‘realised volatility’ in financial markets (considering
a generalization of the concepts of sample standard deviation and sample MAD), saying that the choice
(most often either sample standard deviation or sample MAD) should be made taking into account the
existence of the moments of the underlying distribution. For premium calculation in insurance, [14]
advocates for the MedianAD instead of the standard deviation (as the risk functionals corresponding to
the former are comonotonic additive, whereas the ones corresponding to the latter not). In the context of
portfolio optimization, [26] propose a portfolio choice based on the mean absolute deviation instead of
the variance minimization as in the classic approach of Markowitz ([30]); but the advantages gained in
computational feasibility, so they claim in [41], can be lost again by the higher estimation error. Also,
in the context of regression, alternatives to least squares are proposed in the spirit of the dispersion
measures we consider: Least absolute deviations regression (see e.g. [7]) trying to remedy the fact that
least-squares regression gives single ‘outliers’, in their opinion, a too high weight in the fitting proce-
dure. Or, the least median of squares regression, [38]], which has superior ‘breakdown point’ (i.e. ’the
smallest percentage of contaminated data that can cause the estimator to take on arbitrarily large aber-
rant values’, [38]]) in comparison to least squares or least absolute deviation regression. As they use the
median of the squares in [38]], this is different to the use of the median in our case - but it still illustrates
the idea of using the median.

4.1.2 Risk Measures

In contrast to the dispersion measures, risk measures have not appeared explicitly in the previous sec-
tions. Nevertheless, one of the most used risk measures, Value-at-Risk (VaR), is simply a quantile at a
certain level of the underlying distribution and thus, the results presented directly relate to risk estima-
tion. The VaR for risk management was popularised by JP Morgan in 1996 (see [32]]) and is defined
as follows: If we assume a loss random variable L having a continuous, strictly increasing distribution
function F7, the VaR at level « of L is simply the quantile of order o of L:

VaRa(L) = inf {$ . PIL < 2] > a} = F; (). (78)

The VaR is generally estimated on historical data, using the empirical quantile \@n(a) = qn(«) asso-
ciated to a n-loss sample (L1, ..., L,) with « € (0,1) - hence the direct connection to the theoretical
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results presented previously.

The use of VaR has been reinforced by regulators even if it has been shown not to be a coherent measure,
[3]], contrary to Expected Shortfall (ES). ES is defined as follows (e.g. [1]) for a loss random variable L
and alevel « € (0,1) :

1 1

ES.(L) = T o / qr(u)du = E[L|L > qr(a)]. (79)
«

While the first equality in is the definition of ES, the second holds only if L is continuous (that

we assume throughout the paper). There are different ways of estimating ES, we consider the two most

direct ones when usmg hlstorlcal estimation. First, simply estimate the quantile by the sample quantile,

leading to ES =1 f Gn (u)du, which can be seen as the limit (k — 00) of the following second

ES estimator ESmk( a) == ¢ Zl 1qn(p;i) for o = p1 < pa < ... < pr < 1. As in the context of
regulation the level of « is high, in practice it is sufficient for k to be small, [12]] claim. The question
of the appropriateness of the risk measure to use for evaluating the risk of financial institutions has been
heavily debated especially after the financial crisis of 2008/2009. For a review of the arguments on this
subject, we refer e.g. to [10]], [15] and the references therein.

In these discussions, as a third risk measure the expectile is considered (introduced in the context of
least-squares estimation by [33]], as a risk measure in [27]). It is defined, for a square-integrable random
variable and level « € (0, 1), by the following minimiser

ea(L) = argmin a Emax(L — z,0)?] 4+ (1 — o) E[max(z — L, 0)?]. (80)
Tz€R
While a natural estimator for the expectile is the empirical argmax of (80)), there exists another way to
define an estimator of e,, when recalling the relation between an expectile and quantile, see [42]]: Let
gx (a) be the quantile at level o € (0,1), then there exists a bijection x : (0,1) — (0,1) such that
ex(a)(X) = gx(a) with

o ax (@)
K(a) = ax(a) ~ [oo ™ 2dFx(2) . 81)
2qu xdFX () — (1 —2a)gx ()

Thus, we define a sample estimator for the expectile at level a to be e, (@) := ¢, (k1 (a)).

Having presented the three most popular risk measures in quantitative risk management, let us see how
they relate to the theoretical findings in this paper.

4.1.3 Implications of the Theoretical Results

As mentioned, the consequences for the VaR are direct. Recall that we presented asymptotic distributions
for a quantile estimator with any of the three measures of dispersion (Theorem|T} Proposition [3). Hence,
if we estimate the VaR at threshold p as \fﬁ{n (p), the results directly hold for the VaR: We can say
how any functional of the VaR estimator \TaT%n (p) is correlated with any functional of a measure of
dispersion estimator.

For the case of the ES, the results with the sample quantile are directly applicable for l:jén(p) (using
Fubini theorem and dominated convergence, we can simply interchange limit and integral). Hence, we
obtain the following asymptotic dependence between ES,,(p) and either the sample variance or sample
MAD:
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Corollary 25 Consider an iid sample with parent rv X having mean 1, variance 0. Assume conditions
(C1), (Cs) in each neighbourhood of qx (u),u € (p,1), and (M,) for r = 1,2, respectively, as well as
Cs at pu for v = 1. Then the joint asymptotic behaviour of the historically estimated expected shortfall
ES,.(p), for p € (0,1), and the measure of dispersion estimator m(X,n, r) is normal with the following
asymptotic covariance:

N 1
lim Cov(v/nES,(p), vVmin( X, n, 7)) = 1ip / Jim Cov(v/ngn(u), v (X, n,r))du
p
_ L (el i+ o neRG) - Uniw),
1-pJ, fx(gx(u)) ’
with 7, defined in (3). Accordingly the asymptotic correlation is:
s fl T (| X —plw)+2—r) 2Fx (W) -7 (w) 4.,
ILm Cor(ES,(p), m(X,n,r)) = — A I; Fx(ax (W) .
V2 1) et ety dude v Vas (0 = i+ @ = 1) @Fx () _(812))X)

For the dependence of the ES estimator with the MedianAD estimator, we obtain analogously:

Corollary 26 Consider an iid sample with parent rv X with, if defined, mean 1 and variance 0. Un-
der conditions (C1) and (Cs3) in the neighbourhoods of v,v £ £ as well as in each neighbourhood
of qx(u),u € (p,1), the joint asymptotic behaviour of the historically estimated expected shortfall
ES, (p), for p € (0,1), and the sample MedianAD &, (defined in Table |1) is normal with the following
asymptotic covariance:

—_—~ ~ 1 ~
lim Cov(yiES,(p), Vi) = —— / Tim_ Cov(yga (). vy )du

n—o00 1—p »

fx ) 2
Ix(gx(w) (fx(v+8&)+ fx(v—29))

where v denotes the the median of the sample (see Table([l). The asymptotic correlation equals, if we de-

note, as before, v = (fx(v +&) — fx(v =) fx(v) (fx(v+&) — fx(v =€) —4) (1 = Fx(v = §) = Fx(v +£)):

1 /1 —max (0, Fx(v + &) — max (Fx(v — §),u)) + 15% + fX(V+€)_(fX(”_£) max (—g, p_l) ]
u
P

1 —max (0, Fx (v+&)—max (FX(Vfg),u))JrlfTquM max (f%,%)

. N P ) T =6 du
nl;ngo Cor (Esn(p))agn) =P — X9X U(l_;) X = .
V2 I et ey dudv VITED
(83)

Note, that we can replace ES, (p) by its sum-approximation E/Jgnk(p) for fixed k. Then, clearly, the
above results in Corollaries [25]and 26| hold with the integrals replaced by the corresponding sums. In
such a case, we can also consider the limit when both, n, k, tend to infinity, giving us as result of this
double-limit the asymptotics as stated in the Corollaries. For the expectile, with the definition of the
estimator e, () as sample quantile at level £k~ *(c), we can use the results for the dependence in the
case of the VaR and the measure of dispersion estimators (only that we consider the level =1 (a)).

We use these results to display the correlation between the estimators of the three risk measures con-
sidered and the measure of dispersion estimators 62, 6,,,&,. We provide explicit expressions for the
Gaussian and Student distribution in Example 27}
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Example 27

Table 4: Asymptotic correlations between the three risk measure estimators and the three measure of disper-
sion estimator in the case of a Gaussian distribution or Student distribution respectively

Correlation

Gaussian Distribution

Student(v) distribution

...with 62

(@' (p)®2 " (p)

Fy (a5 (5)) 45 (p) (1 T

qY (p) )

lim Cor(VaRn(p),52) (84) (85)
n—oo 2p(1_p) v—1
f2p(1—p)
v—4
2
. fl‘l)_l flqg,(u) 1+L(u> du
lim Cor(ES, x(p), 62) 5 \/f 7 -0 — (86) v -
n,k—00 v 3@ T(w)e(@ (o)) Gudv  e0ow
ST (W)@ T()) 2\/V L L ot ey dudv
S e (s 5 a5 (7 @) g (57 ) (14 B
lim Cor(en(p). 52) P (" (P)® (x (p) gy T\ p)))ay
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where the function k(p) differs for the Gaussian and Student distribution:

#(®~1(p)+pP ! .
2(;5(<I>(_1(p)()pz)(l€2p)q§€)1 ) if X ~ N(p,0%),
if X ~t(p, (v—2)o?/v,v).

k(p) = 25 i (ay 0) (1+a2 () /v)+pag (p)
2755 fy (a3 (0) (143 (p) /v)—(1-2p) a5 ()

After having presenting these results, note the following four remarks with respect to Example First,
the expressions of the correlation with the ES involve integrals which can be solved analytically. As
this makes the formulae very lengthy, we defer these solved integral expressions to the Appendix
Second, an alternative way of presenting the asymptotic correlations in Equations (84)-(101]) would be
in terms of the risk measures itself instead of the quantiles and densities. For this, simply recall that e.g.
in the Gaussian case VaR,(Y) = ®~!(p) and ES,(Y) = W{i%lcfp)). Third, the asymptotic correlations
in Equations (84)-(I0I) do not depend on the mean and variance of the underlying distribution (we
have seen this being valid for all the asymptotic correlations in the case of location-scale distributions).
Fourth, we could use the parametric location-scale quantile as the VaR estimator (for location-scale
distributions), applying the results of Section[3] and extend the results to the ES and expectile too.

To conclude this part on the correlation between risk measures and measure of dispersion estimators, we
show the asymptotic correlations in the case of the Gaussian and Student(5) distributions in Figure @]
We have separate plots for the asymptotic correlation with each measure of dispersion. In each plot we
show the asymptotic correlation with the sample VaR, the sample ES (evaluated in three possible ways:
the sum approximation using 4 or 50 summands and the explicit solution of the integral - corresponding
to infinite summands) as well as with the expectile. In the first row we show the case of the Gaussian
distribution, then, in the second row, we zoom into the tail. The third and fourth row are accordingly for
the Student(5) distribution.

Looking at the plots in the first row, we see that, for the Gaussian distribution, we have the same tendend-
cies of the asymptotic correlation (for VaR, ES and expectile respectively) irrespective of the dispersion
measure. The behaviour is more similar with the sample variance and sample MAD and a bit different
for the sample MedianAD: For p > 0.5, the ES has clearly higher asymptotic correlation than the VaR
(except in the tail where they are similar for sample variance and sample MAD, but lower for the ES in
the case of the MedianAD). The asymptotic correlation of the expectile is lower than with VaR and ES,
except in the tail where it is highest (the point where this behaviour changes is furthest in the tail with
the sample variance, and least with the sample MedianAD).

In the case of the Student(5) distribution, we see the same trends as in the Gaussian case with one
exception: For p > 0.5, the asymptotic correlation of the sample variance with the ES is always higher
than with VaR and with VaR always higher than with the expectile, see the first plot in the third and
fourth row (in contrast to the first plot in the first and second row).
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Figure 4: Asymptotic correlations between a riskﬂneasure estimator with the measure of dispersion
estimator, considering on each plot three different risk measures (VaR, ES, evaluated in 3 possible ways,
and expectile). On each row in each plot a different measure of dispersion is considered (from left to
right: sample variance, sample MAD, sample MedianAD). First two rows: The case of an underlying
Gaussian distribution, third and fourth row: A Student distribution with 5 degrees of freedom.
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4.2 Example in Finance: Explaining Procyclicality in Risk Measurements

Having made clear the connection of the theoretical results and risk measures in the previous subsection,
we can now look at an example in finance and draw a statistical framework in this case. We proceed in
different steps. As in the general case for risk and dispersion measures, we relate the theoretical work
to empirical findings in the examples we want to consider ([9],[43]], Section 3.6 in [44]), and present
the theoretical asymptotics - assuming an underlying iid distribution and focussing, as before, on the
Gaussian and Student distributions as main examples. Subsequently, we discuss theoretically which
changes can be observed in the specific covariances and correlations of risk and dispersion measures,
when considering longer sample sizes (in an asymptotic sense we will precise). Finally, we discus the
usefulness of these theoretical results in view of those finite sample applications. We compare, for
the different quantile and dispersion estimators considered, the values provided through the analytical
formulae with those obtained via simulated iid samples.

We use the time-series notation already introduced in Subsection[2.4]

Setup - Considering the example of [9]], a measure of interest is the linear correlation of the logarithm
of a ratio of sample quantiles (named ‘look-forward ratio’, which measures the predictive quality of the
VaR) with the sample standard deviation (used there as a marker of the market state), namely

Cor [ lo
( s Adn,t (p)

This quantity is introduced in [9] to measure the pro-cyclicality of the VaR. Similarly in construction
but in another context, Zumbach, in [43]]/[44], is interested in the correlation of ‘the realized volatilities
with the centred volatility increment’, which in our notation can be translated as

Cor (log
Qa-n,s,t (p)

for a an integer multiple of 1/252. Note that in (102, the quantile estimators in the logarithm are
computed on subsequent samples which are disjoint by construction: Choosing the points in time ¢ and
t plus one year, t 4 1y, in and a sample size of n = 252 (which corresponds to one year of data),
the samples do not overlap (and accordingly in (103)).

nt+1y (p)

,&mt) . (102)

Qa~n,&,t+a~1y (p)

76—a~n,t+a~1y> ) (103)

Note that, in [9], the authors look at this empirical measure of procyclicality/dependence when
using data from stock indices, realizations from a GARCH(1,1) model or simulated iid rv’s, while [43]]
considers currency exchange rates as well as simulated realizations from different stochastic models.
Here our goal is to analyse it theoretically when assuming an iid model.

As throughout this paper, in more generality than (I02) and (TI03), we want to consider any quantile
estimator ¢, ; and any measure of dispersion estimator lA?@n,t. By abuse of notation we refer in this
section to ﬁl,n,t as the sample standard deviation 6, ; and not the sample variance (as we only use the
former as a marker of the market state).

As mentioned, the sample used for the quantile estimator at time ¢ + 1y, §p, ¢+14(p), is disjoint from the
sample used at time ¢ and will thus be uncorrelated with the sample standard deviation &, 1, or more
generally the measure of dispersion estimator D; j, ;, at time ¢.

Hence, we can summarise our equations of interest as follows (for i € {1, 2, 3}):

Gn,t+1y(P)

qn,t(p)

M’ ,ﬁi,n¢> = — Cov (log\cjmt(p)|,ﬁi7n,t) ; Cor (log
Gn,t(p)

V2
(104)
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Very importantly, note that the quantities computed in [9], [43]]/[44] and more generally in any appli-
cation are for finite sample size (e.g. n = 252 for [9]) while our theoretical results are the asymptotic
expressions for equations (104).

We want to compute all asymptotic cases of equations (104) when considering the two standard elliptical
cases, namely the Gaussian NV'(0, 02) and Student #(0, 02 (v — 2) /v, v) distributions. As our application
concerns the modelling of financial log-returns, we can assume p = 0 to be known (otherwise one
could exploit this for arbitrage). Thus, our location-scale estimator simplifies to ¢, 5.+(p) = ¢ gy ().
Hence, the computation is a straightforward application of the results obtained in the previous sections
(noting that additionally we have y = 0, such that we can simplify some results further). To enhance
comparability, we present the results in a table. Recall, that the expressions involving the sample MAD
are always only valid for p > 0.5; the case for p < 0.5 can be recovered by the corresponding symmetry
(in the case involving the logarithm of the absolute value, this is the symmetry around the p = 0.5-
axis), e.g. nh_>n§o Cov(v/n10g|Gn.(p)), V1bp.i) = nli_)n; Cov(v/n10g|Gn.¢(1 — p)|, vVnb,..). Besides, we plot
the covariances and correlations using the different measures of dispersion as a function of the quantile
parameter p.

4.2.1 Gaussian Distribution

Before presenting and comparing the different covariances and correlations in Table[5] let us refer to the
equations needed to derive the expressions.

For the covariances with the sample quantile and the parametric location-scale quantile, we use equa-
tions and (59) for the sample standard deviation, (46)) and (63) for the sample MAD, and (53] and
(73) for the sample MedianAD. When turning to the case of the asymptotic correlations, we use equa-
tions (@I)), (60) in the case of the sample standard deviation, (47), (66) when computing the correlation
with the sample MAD, and (56), (74)) for the case with the sample MedianAD.

Table 5: All different cases considered for the covariance (first three rows), then the correlation (last three
rows), between the log-ratio of quantile estimators and three measure of dispersion estimators D; ,, ; (i =
1,2, 3) each, for a Gaussian distribution.

Cov (log ‘7%”(1’) ,Di,n,t) Cov (log dnaa® | Di,n,t)
= sample s.d. 7y, -3 -2
A o (@1 (p))~(1-p)y/2 i
= sample MAD 6., A ST (0) ) ~
o . 2 o(1—p—2max (0,3/4—max (1/4,p))) oc®1(3/4)
= sample MedianAD &1 |~ 56=105y s 133/3) & T(p) =
An,t+1y(P) A . An,s,t4+1y(P) -
COI' <10g dn,t (1;7) ’ D’L’n’t) Cor <10g ‘ qn,a‘-,té’) ? Dz,n,t)
= sample s.d. 7y, ¢ —%%\/M _% —0.71
p(1—p
. 2
= sample MAD 6, ; —7§| (@~ E P) )(\/ jg z! —%‘ /L~ _0.66
: £ max max 1 -1
= sample MedianAD &, ; —% 1-p=2 \(?pg(/;; o <(1/42)) _\%4@ \d)/ GA) ~ —0.43

In Table [5] we observe that in the case of using the sample standard deviation, the covariance is the
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same when using the sample quantile or the location-scale quantile with known mean p = 0 (first row).
Further, we see that all different covariances with the location-scale quantile are constant (independent
of p) and thus can be written as a multiple of each other (second column).

In the fourth row of Table@ we can see that, in contrast to the covariances, the correlation with g, 5 is
not equal to the one with ¢, in the case of the sample standard deviation: The former is constant, whereas
the one with the sample quantile is a function of p. This remark holds for all dispersion measures, i.e.
the correlation with the location-scale quantile are constant (and negative) while it is a function of p for
the sample quantile.

To further understand those quantities, we plot them in Figure 5]
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Figure 5: Comparison of the covariances (first row) and correlations (2nd row) between log-ratios of
quantile estimators and each of three measure of dispersion estimators in the same plot, in the case
of a Gaussian distribution. Left: Using the sample quantile, Middle: Zoomed into the right tail (p > 0.8)
using the sample quantile, Right: Using the location-scale quantile with known mean =0

In Figure 5] we see in the left column the two plots of covariances and correlations when using the
sample quantile and in the right column the two plots, when using the location-scale quantile - in the
middle column we zoomed into the tail values (p > 0.8) in the case with the sample quantile, as those are
especially of interest in applications to quantitative risk management. When looking at the covariance
with the sample quantile (first row, left plot), we see for all three measures of dispersion the symmetry
around the p = (0.5-axis, and that all values are negative. The covariance is constant (i.e. independent of
p) for the sample standard deviation with a value of -0.5, bi-modal for the sample MedianAD (minimum
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of -0.92 at p = 0.75) and uni-modal for the sample MAD (having its minimum of -0.8 at p = 0.5).
For intermediate values of p, say 0.2 < p < 0.8, the covariance is the biggest in absolute terms for
the sample MedianAD. In this interval, the difference between MedianAD and MAD/standard deviation
is the highest around the minimum of the MedianAD. For all values in this interval, the difference
between standard deviation and MedianAD is large. An exception to the MedianAD having the biggest
value in absolute terms is for values near p = 0.5 where it is larger for the sample MAD - but in
this neighbourhood MAD and MedianAD are very close (and it is the smallest for the sample standard
deviation). If we focus on tail-values, i.e. high values of p, the behaviour changes (by symmetry this
applies also for small values of p). This can be seen well in the middle plot. Therein the covariance is
the highest (in absolute terms) for the sample standard deviation: It is higher than the sample MAD for
p > 0.81 and for p > 0.85 in the case of the sample MedianAD. From p > 0.86 on, the covariance is the
lowest for the sample MedianAD. For values of p around (0.81,0.86) we can say that the covariance is
similar for all three measures of dispersion, while the difference between them increases for increasing
p > 0.86. Looking at the covariance using the location-scale quantile (right plot), we can make the
same comments as those of Table [5] The values are constant for all three measures of dispersion and
hence independent of p. The values for the sample standard deviation are the same with both quantile
estimators. In absolute terms, the covariance with the sample standard deviation is the highest, and the
one with the sample MedianAD, the lowest in the right plot. The values of MAD and MedianAD are
more similar than with the standard deviation. Comparing both quantile estimators, we can say for the
sample MAD and sample MedianAD that, for p > 0.93 and p > 0.90 respectively, the covariance is
lower (in absolute terms) with the sample quantile, while, for smaller values, this behaviour reverses.
Also, we see that the covariance values for those two measures of dispersion can be, depending on p,
quite different with respect to the chosen quantile estimator.

When turning to the correlations (2nd row of Figure [5), we see that, in the case of the correlation with
the sample quantile (left plot), all three measures of dispersion have the same tendencies. They are
symmetric around the axis p = 0.5, have low values for p around 0.5 and p — 0 and 1 while being bi-
modal and having two minima (one between (0, 0.5) and one between (0.5, 1) by symmetry). Further,
all values are negative, while for p = 0.5, the correlation is undefined and set by continuity equal to
0. Also, their range of values is very similar. Thus, the maximum in absolute terms is only a little bit
bigger for the sample MedianAD (-0.41 at p = 0.75) than for the sample standard deviation (-0.39 at
p = 0.94) and is the smallest for the sample MAD (-0.38 at p = 0.89). Looking at intermediate values
of p, say 0.2 < p < 0.8, we see that the values for all three measures of dispersion are similar around
p = 0.5, while, in absolute terms, from this point to the respective maxima, the correlation increases for
all measures of dispersion. The maximum in absolute terms of the sample MedianAD correlation falls in
this interval and is achieved for p = 0.75. Around that point, the difference between the three measures
of dispersion is the biggest, the correlation with the sample standard deviation being the smallest. If
we focus again on tail values, as in the middle plot, we see how the behaviour changes. Already from
p = 0.8, the MAD is bigger than the MedianAD, and, from p > 0.83 on, the sample standard devia-
tions correlation is bigger than the sample MedianAD. The MAD reaches its maximum value of -0.38
at p = 0.88. Consequently, from p > 0.90, the standard deviation is bigger than the sample MAD (note
that those thresholds are different than in the case of the covariance). The maximum in absolute terms
for the sample standard deviation correlation, -0.39, is near p = 0.94. From this point on, it decreases
again but still being bigger than the two other measures of dispersion. We can also see that, around this
last maximum, the difference between the three measures of dispersion is the highest (pronounced with
the MedianAD, rather small between standard deviation and MAD). They are the most similar around
their intersection points, i.e. in the range of (0.8,0.83) and, additionally, in the case of standard deviation
and MAD, also around 0.9 where the two latter intersect. Getting back from the tails to the general be-
haviour and looking now at the correlations with the location-scale quantile (right plot), we see that each
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of them is bigger than the ones with the sample quantile. Comparing the three (constant) correlations
using the location-scale quantile, we note it is the biggest in absolute terms with the sample standard
deviation (-0.71), intermediate for the MAD (-0.66) and the smallest with the sample MedianAD (-0.43).
In contrast to the covariance, the correlations for the MAD and standard deviation are now similar, while
quite different for the MedianAD.

4.2.2 Student Distribution

Again, we start by presenting and comparing the different covariances and correlations. Before we do
so in Table[6] we want to refer to the equations needed for the calculation. For the covariances we use
equations (@2)) and (61)) for the sample standard deviation, (49)), and for the sample MAD, and (53],
and for the sample MedianAD. For the asymptotic correlations correspondingly, equations and
(62) in the case of the sample standard deviation, (50) and (68) with the sample MAD, and (56), for
the case with the sample MedianAD.

Table 6: All different cases considered for the covariance (three first rows), then the correlation (three last rows), between
the log-ratio of quantile estimators and three measure of dispersion estimators D; »: (i = 1,2,3) each, for a Student

distribution with v degrees of freedom (restrictions on v depending on the choice of estimator as before)

—0.23
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Again, the values are summarised in Table[6] Apart from the correlation of the sample standard deviation
in the case of the location-scale quantile, which equals —% ~ —0.71, the expressions look more
complex than in the case with the Gaussian distribution. In contrast to the Gaussian case, we can observe
in Table|[6|that, when using the sample standard deviation, the covariance is not the same when using the
sample quantile or the location-scale quantile with known mean p = 0 (first column). But again, we see
that all different covariances with the location-scale quantile are constant (i.e. independent of p), hence
also multiple of each other (last column), although this multiple depends on the degrees of freedom v.
To further understand the quantities, we plot them. We start by considering the case v = 5 in Figure [§]

since we need v > 4 for (M>) to hold (as we also consider the location-scale quantile ¢,, 5). As the
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behaviour changes with v, in a second step, we look in Figure[/|at the covariances and correlations as a
function of v by comparing the cases v = 3,4, 5, 10, 40 with the Gaussian limiting case.
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Figure 6: Comparison of the covariances (first row) and correlations (second row) between log-ratios of quantile
estimators and each of three measure of dispersion estimators in the same plot, in the case of a Student distribution
with v = 5 degrees of freedom. Left: Using the sample quantile, Middle: Zoomed into the right tail (p > 0.8) using
the sample quantile, Right: Using the location-scale quantile with known mean p =0

Let us start with the first row of Figure [f] Therein we see in the left two plots the covariances when
using the sample quantile and in the right plot when using the location-scale quantile. When looking
at the covariance with the sample quantile (left plot), we see that the behaviour is as with the Gaussian
distribution: In all cases, the value is negative and symmetric around the p = 0.5-axis. The sample
MedianAD is still bi-modal and for intermediate values of p, i.e. 0.2 < p < 0.8, the sample MAD has
its maximum, in absolute terms, of 0.73 at p = 0.5. Apart from this maximum, the sample MedianAD
has the highest (up to -0.84) and the sample standard deviation the lowest (minimum of -0.5) covariance
values in this interval in absolute terms. The three measures of dispersion are similar in values in a
very small neighbourhood around their intersection points (between 0.77 and 0.81) and the MedianAD
with the MAD also around p = 0.5. Around its two maxima and especially in the limit p — 0 and 1
the MedianAD is very different from the standard deviation and the MAD, whereas the latter two are
rather similar (with their biggest difference being around p = 0.5). If we turn to the middle plot, we
can observe the behaviour for tail values of p. We see that the MedianAD and the standard deviation
intersect at p = 0.81 with a value of -0.59 and the MedianAD with MAD at 0.82 (value of —0.55). As
noticed before, this is the region the three measures of dispersion are the most similar. While we see that
for p < 0.81, the MedianAD is the biggest in absolute terms, from p > 0.81 on, the standard deviation
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is bigger than the MedianAD (for p > 0.8, the standard deviation is all the time bigger than the sample
MAD anyway). Further, from p > 0.82 on, the covariance with the sample MAD is larger in absolute
terms than the sample MedianAD.

A difference to the Gaussian distribution is, as already pointed out, that the covariance is not constant
with the sample standard deviation. Also, the range of values for the sample MAD, and especially for
the sample standard deviation, is bigger than in the Gaussian case (the covariances seem to explode near
the boundary). We also see now in the limit p — 0 and 1 the MedianAD increases, whereas MAD and
standard deviation decrease, i.e. they have opposite trends.

We consider now the covariance when using the location-scale quantile (right plot). The same comments
as those already made for Table [§ hold. The values are constant, i.e. independent of p. In absolute
terms, the covariance with the sample standard deviation is the highest (-2), and the one with the sample
MedianAD (-0.24) the lowest, while -0.57 for the MAD, i.e same ordering as in the Gaussian case, but
here the difference between the MAD and the standard deviation is much more pronounced.

When comparing the covariances with respect to the quantile estimators, we can say that in the case of
the sample MedianAD for p near the boundary of (0, 1), p > 0.97, the covariance is lower (in absolute
terms) with the sample quantile, while this behaviour reverses for all the other values of p more in the
interior of (0, 1). For the sample standard deviation, the covariance is always higher in absolute terms
for the location-scale quantile (except for p limiting to the boundary, i.e. p > 0.99). For the sample
MAD, it is higher for the sample quantile, except between 0.76 < p < 0.94.

Let us turn to the correlations in the second row of Figure[6] We see that, in the case of the correlation
with the sample quantile (left plot), all three measures of dispersion have the same tendencies, they are
negative and symmetric around the axis p = 0.5, with their smallest values in absolute terms being
around p = 0.5. They also all have two minima and comparable range of values. In short, the behaviour
is very similar to the Gaussian case (recall Figure [5). The minimum is a little bit bigger for the sample
MedianAD (-0.41 at p = 0.75) than for the sample MAD (-0.37 at 0.92) and is the smallest for the
sample standard deviation (-0.30 at 0.99). Then, we focus again on tail values, as in the middle plot.
We see that, for p < 0.82, the MedianAD is the largest, from p = 0.82 on, the MAD correlation is
then the largest and, only from p > 0.99, the standard deviation (note that those thresholds are different
than in the case of the covariance and also a bit different to the Gaussian case). The maximum in
absolute terms for the sample standard deviation correlation is near p = 0.99 with a value of —0.30, for
the MAD it is around p = 0.92 with a value of —0.37. All three measures of dispersion do not have
very similar values in the tail. Looking at the right plot we can say that, measured in absolute terms,
the correlations with the location-scale quantile are bigger than the ones with the sample quantile (for
all p) for the sample standard deviation (-0.71) and the sample MAD (-0.54), but not for the sample
MedianAD where the covariance with g, 5 is very low (-0.23) and the correlation is bigger in absolute
terms except in the intervals (0.10,0.35) and (0.65,0.90). Comparing the three (constant) correlations
using the location-scale quantile, it is the biggest with the sample standard deviation and the smallest
with the sample MedianAD. Again, as in the Gaussian case, the difference between MAD and standard
deviation is smaller, whereas it is big to the MedianAD (differently than for the covariance).

As mentioned, we also want to study the convergence of the Student covariance and correlation to the
Gaussian case with respect to the degrees of freedom v. Thus, we look in Figure[7)at the covariance and
correlation for each measure separately but showing the cases v = 3,4, 5, 10, 40 and oo (Gaussian case)
in the same plot. As before, we first look at the covariance. In the first row we show the covariances
when using the sample quantile. There are three plots, one for each measure of dispersion. In the case
with the sample standard deviation (left plot), we see that the convergence for intermediate values of p
is quick and slows down significantly the further the values are near the boundary p — 0 and 1.
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Figure 7: Asymptotic covariances (first two rows) and4gorrelations (last two rows) between the sample quantile
or the location-scale quantile respectively and three different measure of dispersion estimators each (from left
to right: sample standard deviation, sample MAD, sample MedianAD) in the case of a Student distribution -with
v = 3,4,5,10 and 40 degrees of freedom as well as the Gaussian distribution as comparison



For the MAD (middle plot), the convergence slows down in direction of the boundaries, but interestingly
it is quicker near the maxima of the covariance in the case v = 3 (i.e p=0.26, p=0.74), while slower
in between. Further, we see a change in the shape of the covariance: For low degrees of freedom
(v = 3,4,5), the maximum value in absolute terms is at the boundaries, whereas, for v = 10,40
and the Gaussian case, this maximum is near p = 0.5. Also, for v = 3,4, 5, 10, the covariance has
inflection points near the boundary; this is not the case for v = 40 and the Gaussian distribution.
Contrary to the MAD, the convergence for the MedianAD is quick on the boundary but slower in the
interval (0.25,0.75). Comparing the three plots, the convergence is slower at the boundaries for the
sample standard deviation and MAD, whereas quicker for the sample MedianAD. For interior values,
say 0.2 < p < 0.8, we see the opposite behaviour, the convergence is quick for standard deviation and
MAD, but slow for the MedianAD.

In the second row of Figure[/| we see the convergence for the case of using the location-scale quantile.
Note that for some covariances, we cannot compute the quantities for v = 3, 4 (because of the necessary
moment conditions). While the values are always constant for all p, one can point out that the con-
vergence with the sample standard deviation is the slowest and with the sample MedianAD the fastest.
Also, for the sample standard deviation and sample MAD the values for the Student distribution are
more negative than for the Gaussian distribution. This is the contrary for the sample MedianAD. Thus,
one can say that the convergence to the Gaussian case is ‘from the left’ (coming from more negative
values), while it is the reverse for the sample MedianAD.

Finally, as for the covariance, we want to look at the convergence behaviour of the correlation with an
underlying Student distribution to the Gaussian case. This is done as a function of the degrees of freedom
v in the last two rows of Figure[7|for each of the three different measures of dispersion separately. First,
we look at the case with the sample quantile. For the sample standard deviation (left plot), we see that
the convergence, for values near the boundaries and p = 0.5, is quicker as for the other intermediate
values. This is something we observe also with the sample MAD (middle plot). Also, the behaviour of
the convergence with p is similar in both cases. These two findings are contrary to what we observed
for the standard deviation and MAD for the covariance. Still, comparing it to the case with the sample
MAD, the convergence of the correlation for the standard deviation is slower - we observed this ordering
in the speed of convergence already for the covariances. Further, the convergence with the sample MAD
is smoother than with the sample standard deviation. E.g. the shape and values from v = 5to v = 10
change more than with the sample MAD. Comparing the three plots, we see that the convergence is
the quickest for the sample MedianAD (right plot). The values for the Student and Gaussian cases are
equal (thus one sees only one function in the plot). This was due to the fact that the correlation does not
depend on the underlying distribution for symmetric location-scale distributions!

In the last row of Figure [/, we see the convergence for the case of using the location-scale quantile.
Again, this is in all three cases only well-defined for v > 5. We see that the correlation with the sample
standard deviation (left plot) is constant and equal to the Gaussian case for all the well-defined Student
cases. For the sample MAD (middle plot), we see that the convergence is quicker than for the sam-
ple MedianAD (right plot). Also, the convergence to the Gaussian case is, for both, sample MAD and
sample MedianAD ‘from the right’ (i.e. coming from less negative values) - for the covariance we had
observed different behaviours for MAD and MedianAD respectively.

4.2.3 Impact of Using Longer Samples

We want to understand how this effect of negative correlation for the log-ratio of sample quantiles with
the measures of dispersion (sample MAD, sample standard deviation, sample MedianAD) depends on
the chosen sample size. To do so, we analyse what happens to the correlation (and also covariance) when
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using longer sample sizes than one year of observations (i.e. n = 252). [43] looked at this empirically for
some cases, and in Proposition [I0] we already looked at the scaling behaviour in general, the difference
here being that we analyse a specific setting. For simplicity, we restrict ourselves to multiples of the
base sample size n = 252 and denote them by un for an integer-valued w.

Again, instead of looking separately at all the different cases when either using historical estimation
of the quantile or the location scale model, and one of the three measures of dispersion, we consider a
unified approach.

The only condition we require for this analysis with longer sample sizes, is that neither the measure of
dispersion estimator Dm,t at time ¢, nor the quantile prediction g, ((p) computed at time ¢, overlaps
(with respect to the sample they are computed on) with the other quantile estimator gy, ¢4,y (usually
computed at time ¢ + 1y, here in more generality at time ¢ plus w years), hence we choose Gy t+wy in a
way such that this is fulfilled by construction. It means that, in most generality, we consider for positive
integers w, u, v the following covariance and correlation - in analogy to equation (104):

Cov <log Gun.t-+wy(P) , D; zmt> = — Cov (log’Ljun,t(pNa Di,vn,t) (105)
QUnt( )
— Cov logmun,t (p)’7 ﬁi,vn,t
Cor <log an t+u(1y gp) Dz vn t) = ( )
QUTL t\P

v/ Var (108[Gun,t+wy (P)]) + Var (10g]Gun,(p)]) / Var(Dion.t)
(106)

As in Subsection f.2] note that equations (I03)), (I06) are for finite sample sizes while the theoretical
results hold asymptotically.

From Proposition [I0] it follows in this case (given the respective conditions on the underlying distribu-
tion):

(jwn,t—i—wy (p)

dn,t-{-ly (p)
qun,t (p) ]

Gn,t(P)

n—oo

lim Cov <\/ﬁ log

A 1
7\/ﬁDi,vn,t> = 7( lim Cov <\/ﬁlog

max (u, v) n—oo

3 \/E-Di,n,t> .
(107)

This means that the choice of w does not play a role at all (as the quantile estimator at time ¢ + wy is by
construction disjoint from the other quantities) and the exact values of u, v itself neither, but only their
maximum! Accordingly, one can show for the correlation that

an JHwy (p)
Qun,t (p)

. 1 .
Dt> _ lim Cor(log|dns(p)], Dins).  (108)

max (u,v) n—00
Y 1+31m?n(:j;}) "

Exemplary Discussion on Sample Size - Let us discuss what we can deduce from the two equations,
and (I08), focusing on the correlation (I08). As we are interested in the change of the value of the
correlation for different sample sizes (and not the value itself), for illustration, let us simply consider the
case of the location-scale quantile model with known mean ¢ = 0 and the sample standard deviation as
measure of dispersion, as in this case (I08)) simplifies to:

max (u, v
__W L u, max(uv)

lim Cor <log
n—oo

an o t+wy (P)

lim Cor <log
QUn o t(p)

n—oo

w  min (u,v)

since the correlation between the logarithm of the quantile estimator and the standard deviation is equal
to 1, as one can deduce from (60).

51



Recall that in the case of using equal sample size n, i.e. w = u = v = 1, we have a correlation value of
-1/ V2. Thus we compare this latter value (named base value) to the values obtained with other choices
for w, u, v, for samples of size n,,, n,, n, respectively. We give an overview of the different cases in
Table 7]

Table 7: Correlation values (using the location-scale quantile model with known mean p = 0) for
different sample sizes n.,, n,,n, depending on the choice of w,u,v in comparison to the standard
choiceof w=u=v=1.

w=u="0 w=1

w=u=v=1 w:u:v>1‘u:v>l 1<u<v u>v>1

: Qwnstruy (@) | =1 =1 = _ —lem
nlbn;oCor <1og Genaa0) | Oun,t 72 /2 Vitu VIitv V12 jv

We observe that, when all sample sizes are equal, taking the size larger than 1 (second column) does
not have any impact on the value of the correlation, which remains —1/+/2. This is something one
can e.g. observe also from the plots in [43]]. If we set w = 1 which is usual in regulation, see [L1]],
we consider three different choices. If uw = v > 1, the correlation depends only on the value of u
(third column) and will be smaller (in absolute values) than the base value. A similar behaviour holds if
1 < u < v, although not a realistic case in view of applications (as one wants &, ; to be a marker of
Qun,é,¢ - thus they should be computed over the same sample). Moreover the correlation only depends
on v in such a case (fourth column). In the last case, where v > v > 1, the correlation depends on the
factor 12 /v > k, so is the smallest (in absolute values) of all observed cases (but depends on both, «
and v, see last column). Note that this last case also incorporates w = v = 1, which is a realistic setting,
as developed e.g. in [9]. We see that, in such a case, the correlation depends only on u, and will be

—1/V1+u?.

4.2.4 Comparison with Empirical Work

As final part, we want to assess the finite sample performance of the theoretical results: While we already
presented a more general finite sample performance analysis in Subsection here we want to evaluate
the adequateness of a framework which exactly is the same setup as in [9]. Thus, we simulate an iid
sample with mean = 0 of size N = 7562. Then, using a sample size of n = 252 (corresponding to one
year of data), we compute with a monthly rolling-window the time series of quantile estimates Gy, +(p)
for quantiles of order p = 0.95 and p = 0.99 each, and a monthly time series of measure of dispersion
estimates ZA)m,t. (n.t 1s either the sample quantile time series g, ¢ or the location-scale quantile time
series with known p = 0 time series g, 5 ¢, ﬁ,nt can be either the sample standard deviation, the sample
MAD, or the sample MedianAD. This gives a time series of 349 values each for the quantile estimators

and measure of dispersion estimators. Recalling the correlation of interest, Cor <log] %2%1&()10) l, ﬁi’n,t>

in (T04)), we see that for every time point ¢, we have to build the ratio of quantile estimates %1&()@
As we are using a monthly rolling-window, we cannot build this ratio for the last twelve points in the
time series (as we do not have further points in the future ¢, +414(p)). Thus, the time series of log-
ratios consists of 337 observations and correspondingly we reduce the time series of dispersion measure
estimates to 337. With those m = 337 observations, we then estimate the correlation of interest. This

procedure is repeated 100°000-fold.

We consider iid samples coming from three different distributions: From a Gaussian distribution and
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from two Student distributions with 3 and 5 degrees of freedom, respectively. Note, that the specifica-
tion of y1, 02 is not needed as the correlation results for location-scale distributions are independent of
its parameters. Then, we report in Table [§]the averages of the 100’000-fold repetition with, in brackets,
the corresponding empirical 95% confidence interval values. Further, we provide the theoretical value
below the estimated value. Also, we provide confidence intervals for the sample Pearson linear corre-
lation coefficient (using the classical variance-stabilizing Fisher transform of the correlation coefficient
for a bivariate normal distribution to compute the confidence intervals -see the original paper [[18]] or e.g.
a standard encyclopedia entry [37]). Note, that those confidence interval values have to be considered
with care. Firstly, recall that the bivariate normality of our quantile estimator and measure of dispersion
estimator hold asymptotically. Hence, it is not clear if for the sample size n = 252 considered we can as-
sume bivariate normality (this could be tested). Secondly, the procedure in [[18] assumes an independent
sample for the correlation estimation while our sample of m = 337 pairs is clearly dependent (because
we computed it with a monthly rolling window giving us overlapping samples). This would reduce the
sample size on which to compute the confidence intervals to an effective sample size m.fy < m. Still,
we provide those theoretical confidence intervals as approximate guidance.

We recall that when working with the sample standard deviation, the existence of the fourth moment is
a condition we require, also when working with the location-scale quantile. Thus, as they do not exist
for a Student distribution with 3 degrees of freedom, we simply write ‘NA’ as theoretical value instead.

Table 8: Average values from a 100°000-fold repetition. Comparing the correlation for our three mea-
sures of dispersion and two different quantile estimators. Average empirical values are written first
(with empirical 95% confidence interval in brackets), the corresponding theoretical values, mean and
95% confidence interval, being in the row below. We consider two thresholds p = 0.95,0.99, overall
sample size N = 7562 and the time series of estimators computed each on a sample size of n = 252.

Gaussian distr. Student distr. (5df) Student distr. (3df)
Quantile estimator §y,: qn In qn In.é qn Un.,é
p=0.95
Cor(log\qtq%h o) -40 (-59,-18) -72 (-82,-61)  -31 (-54,-6) -72 (-81,-61)  -19 (-45,48) -71 (-81,-60)
-39 (-48,-30) -71(-76,-65) -27 (-37,-17) -71 (-76,-65) NA NA
Cor(log| ‘jgl l, ét) -34 (-55,-12) -67 (-79,-55) -37(-57,-14) -62 (-75,-46) -35(-56,-11) -60 (-74,-43)
-34 (-43,-24) -66 (-72,-60) -36(-45,-26)  -54 (-61,-46) -34 (-43,-24) NA
Cor(log\%\, &) -16 (-40,+8) -43 (-62,-23)  -17 (-40,+8) 27 (-50,-2)  -16 (-40,+8) -15 (-40,+11)
-16 (-26,-5) -43(-51,-34)  -16(-26,-5) -23(-33,-13)  -16(-26,-5) NA
p=0.99
Cor(log\‘jtq?%|7 G1) -32(-53,-9) -72(-82,-61) -36 (-57,-11) -72(-81,-61)  -29(-54,0) -71 (-81,-60)
-31 (-40,-21) -71 (-76,-65)  -30(-39,-20)  -71 (-76,-65) NA NA
Cor(log| q‘qf l, ét) -23 (-45,+1) -67 (-79,-55)  -29 (-51,-6) -62 (-75,-46)  -33(-54,-9) -60 (-74,-43)
22 (-32,-12) -66 (-72,-60) -28 (-38,-18) -54 (-61, -46) -31 (-40,-21) NA
Cor(log| ‘jtqil l, ét) -8 (-32,+17) -43(-62,-23) -7 (-32,+18) -27 (-50,-2) -7 (-32,+18) -15(-40,+12)
-7 (-18,+4)  -43(-51,-34) -7 (-18, +4) -23 (-33,-13) -7 (-18, +4) NA

From Table[§| we see that the empirical averages and the theoretical values seem to agree well in general.
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Before going into detail, remember that in Table [2]in Subsection 2.4 we had a general extensive simula-
tion study on the effect of sample size. We can set the theoretical asymptotic covariance of the former
into relation to the present setting: E.g. when considering as dispersion measure the sample standard
deviation, we have

G+1

qt

5 &t> = —\}» nli)n;o COI‘((jt, &t)
Meaning, all theoretical values in this Table multiplied by —/2 give the theoretical values of Table
Further, while the sample correlation in Table 2] was computed on disjoint samples, the setting here uses
a rolling-window which results in overlapping samples. Comparing the values in both tables, one can
see that this affects (to a varying and sometimes negligible extent) the quality of approximation of the
theoretical values.

lim Cor <log
n—oo

Let us now examine the results in Table[8| closer.

We start by comparing again the behaviour between the two quantile estimators. It might seem obvious
by now, after having presented all the theoretical results, but in the table we can see that the correlation
of the same measure of dispersion with the different quantile estimators (comparing always the two
columns for each distribution) has different values (and the correlation is higher in absolute terms with
n,s than with g, for such tail values - see also Figures E], @ Also, the confidence intervals are larger
(or at least not smaller) with ¢, in comparison with g,, 5, as expected.

Comparing the cases of p = 0.95 and p = 0.99, we can see that g, has usually higher correlation in
absolute terms with p = 0.95 (except for the Student distribution with 5 degrees of freedom). Recall
that g, 5 does not depend on p (as we already saw in Tables E], @), thus one has the same values for
p = 0.95,0.99. Further, the size of the empirical confidence intervals are similar for both values of p for
all measures of dispersion.

Comparing the behaviour for the three different distributions considered, we first recall that in the case
of a Student distribution with 3 degrees of freedom, we do not have all theoretical values because of
the moment conditions. Also, we know that the correlation of the MedianAD with the sample quantile
is independent of the distribution (follows from Proposition [I7), which gives the same values for the
three different distributions (still, the values depend on p). Similarly, the correlation between the sample
standard deviation and the location-scale quantile is independent of the distribution (and even of p!). In
general, we can say that the empirical values behave as analysed in the theoretical formulae in Subsec-
tion[4.2} E.g. for the correlation between the sample quantile with the sample standard deviation, it is
clearly bigger in absolute terms for the Gaussian case than the Student distribution with 5 degrees of
freedom, and reverse (although similar values) for the sample quantile with the MAD (in that case also
the value for the Student distribution with 3 degrees of freedom is similar). The size of the confidence
intervals changes depending on the distribution: For the sample quantile, it increases with heavier tails
when considering the correlation with the sample standard deviation, while staying the same with the
MAD or MedianAD. For the location-scale quantile, it is the other way round. It increases with the
heaviness of the tail with the MAD and MedianAD, whereas staying constant with the sample standard
deviation.

We conclude these empirical observations comparing the behaviour of the three measures of dispersion
(the sample standard deviation &4, the sample MAD 6, and the sample MedianAD ét). As already seen
in Subsection[d.2] for p = 0.95, 0.99, the correlation in absolute terms will be in the following order (for
all cases in which its theoretical counterpart is defined): The highest with 6;, then with 6, and the lowest
with ft. The only exception to this, is the case of the Student distribution with 5 degrees of freedom for
p = 0.95, recall Figure [6] (plots in second row). Also, the increasing size of the confidence intervals
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(for defined quantities) is in the same ordering, i.e. the one for 6; being the smallest and with ét the
biggest (the only exception being the sample quantile in the case of a Student distribution with 5 degrees
of freedom).

S Concluding Remarks: Implications for Use in Practice

To recapitulate, we give a brief overview over the results presented: In this paper we showed the joint
asymptotic normality of functionals of two quantile estimators and three measure of dispersion estima-
tors each - for underlying iid models. Apart from providing explicit results and analyses in the cases of
the Gaussian and Student distributions, we also compared the difference in speed of convergence when
using either the sample quantile or the parametric location-scale quantile as quantile estimator. Further,
we applied the theoretical results in to risk measures as VaR, ES and expectile as well as to related em-
pirical work in the literature - [9]], [44], [43]. Also we verified a good finite sample performance through
simulations. Keeping the focus on the practical applicability of the results, we conclude by summarising
and comparing the different theoretical properties and restrictions of the estimators and how this impacts
their use in applications.

While we specified in each theorem which moment and smoothness conditions the underlying parent
random variable has to fulfil (although we did not not assume minimal conditions, for simplicity), we
offer in Table [9]a complete overview which we analyse now.

Let us start with discussing the choice of the quantile estimator g, or g, s. We see that asymptotics
with ¢, do not give a restriction on the moments of its distribution (they will only be imposed by the
corresponding measure of dispersion estimator) and apart from the density needing to exist at ¢x (p)
(condition (H 1)) we have some (not very restrictive) further smoothness and differentiability conditions,
(H3). In contrast to that, the location-scale quantile can only be used when assuming to have a location-
scale distribution with finite fourth moment and, as for any parametric estimator, assumic a specific
parametric family of (location-scale) distributions - which is a restrictive condition. In return, we have
seen in the finite sample analysis in Section 2] that the latter restriction results in narrower confidence
intervals - and a higher degree of correlation, as seen in the examples of Section | as expected (an
exception to this are intermediate values, around p = 0.25,0.75 for the MedianAD). Also, it is useful
to understand the joint asymptotics with the location-scale quantile as it acts as a benchmark to measure
the efficiency of any other quantile estimator (recall Subsection [3.3).

With respect to the choice of the measure of dispersion estimator, we can observe similar trade-offs.
When using the sample standard deviation, we need a finite fourth moment of the distribution. But in
exchange, we usually have the best empirical confidence intervals and the strongest correlation when
considering tail values for p. A needed fourth moment discourages from using the sample standard
deviation, although it is the most popular measure of dispersion in finance. We have the options of using
the two other measures of dispersion that require at most a finite second moment: The sample MAD
requires finite variance and additionally continuity at F'x (x) for its asymptotics (condition (Q1) in the
table). If we want to use it in joint asymptotics with a quantile estimator, we additionally need F'x to
be Holder continuous at ¢ (which, for a continuously differentiable distribution function, is the case).
Going back to empirical observations, we can say that it has empirically the second best confidence
intervals and usually the second strongest correlation when considering tail values.

In the case of the sample MedianAD, we do not even need a finite mean (these are the least restrictive
moment conditions), but rather some continuity and differentiability conditions (see (Q2) in the table)!
For its joint asymptotics with a quantile estimator, we further need differentiability of the density at
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certain points (v, v + £). But with this, comes the disadvantage of having the largest uncertainty in the
empirical confidence intervals and, in the examples considered, the weakest correlation when consider-
ing tail values of p. Worthwhile recalling is also the fact that its correlation with the sample quantile for

symmetric location-scale distributions

will be independent of the distribution (but still a function of p),

meaning that one cannot infer on a possible underlying distribution based on its correlation value.

Overall it seems that using the asymptotics with the sample MAD (and the sample quantile as quantile
estimator) seem to be a good compromise between empirical performance and theoretical restrictions.

Table 9: Overview of minimal conditions the distribution have to fulfil for the different quantile (first part) and
measure of dispersion (second part) estimators. For each, we split the conditions into three categories: First,
the conditions needed for the asymptotics of each estimator. Second, for its representation as iid-sum (usually
Bahadur representation) and thirdly for its use in computation of asymptotic covariances and correlations (i.e.
joint asymptotics with a corresponding quantile or measure of dispersion estimator)

Qu.antlle Asymptotic Normality Bahadur. Joint asymptotics (with a measure of dispersion estimator)
Estimator Representation
(H1),
Fx twice differentiable in neighbourhood of gx (p),
an(p) (HD: 0 < fx(gx(p)) < oo (HI) (H3): F)”(bounded in that neighbourhood,
Fx(ax(p)) =p
) | a2y E[X4] < oo, B (H2)
npotP | (X — )2 not constant
Ins(P) (H2) — (H2)
Measure of
. . . . Bahadur . . . . .
Dispersion Asymptotic Normality . Joint asymptotics (with a quantile estimator)
. Representation
Estimator
o (H2) - (H2)
X o, JEIX? < o0, | QD
On (QD): Fy continuous at 1 QD (Q3): F'x Holder-continuous at p
F'x continuous in
. neighbourhood of v & &, (Q2),
n (Q2):d BTN Q2) o
Fx differentiable at v, v £+ & (Q4): Fx twice differentiable at v, v + &

fX(V> > O>f|X—V\(£) >0,
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APPENDIX

The appendix has four sections. The first three correspond each to one of the three main sections of the paper
and contain its proofs respectively. Of the biggest mathematical interest are the proofs of the main theorems
(asymptotic distributions of quantile estimators and measure of dispersion estimators) in Appendix [A] As the
results in Section [3| are only special cases of the results in Section [2} the proofs in Appendix |B| are simply its
computations. Still, it is worthwhile pointing out that the computations of the examples throughout this Appendix
section can be of interest: To understand the examples better, but also as the quantities involved (truncated/absolute
moments of Gaussian and Student distribution) have been sometimes wrongly computed in the literature. Then,
Appendix [C] contains the explicit computations of asymptotic correlations between the measure of dispersion
estimators and the expected shortfall estimator which were not presented in Subsection4.T|because of their length.
Finally, Appendix [D] presents extensions of the main asymptotic theorems, as well as some additional tables from
the simulation study in Section [2.4]

Appendix A  Proofs of Section 2|

In Appendix we cover the proofs of the asymptotics of the sample quantile with the three measure of dis-
persion estimators: We present the proofs of Theorem [I| (asymptotic distribution of sample quantile with either
sample variance or sample MAD) and Proposition [3] (asymptotic distribution of sample quantile with the sample
MedianAD). Both results will be proved using the Bahadur representation (Appendix [A.I.T). But in the case
of Theorem [T} we also offer an alternative proof via Taylor expansion (Appendix [A.T.2). Then, Appendix [A.2]
contains the corresponding proofs of the asymptotics when using the location-scale quantile estimator. In Ap-
pendix we do not present a proof of Proposition [§] as this is only an application of the Delta method, but the
proof of the scaling law (Proposition[10).

A.1 Proofs of Subsection 2.1]

A.1.1 Bahadur’s Method
This approach is used to prove both, Theorem [I] and Proposition [3]

Proof of Theorem [I} It consists of two parts. In the first part, we assume the mean /4 to be known. Using the
Bahadur representation, then the CLT, we show the asymptotic joint normality of the sample quantile and the
sample measure of dispersion with known mean, m (X, n,r) (recall Table , for any integer » > 0. Then, in a
second part, we use this result to show the asymptotic joint normality of the sample quantile with either the sample
variance or the sample MAD in the case of an unknown mean.

Part 1 - Known Mean -

e Bahadur representation

The Bahadur representation for sample quantiles from an iid sample is given in [S]]:

1 - Fu(gx(p) — (1 —p)
Ix(gx(p))

where R,, , is a ‘rest’ of order O(n~3/log n) almost surely (which means that |R,, ,| < Mn~3/4log(n)
a.s. for all n > ng for some constants M, ng < oo). With this Bahadur representation we are able to use
the bivariate central limit theorem for the sample quantile g, (p) and the sample measure of dispersion with
known mean pu, m(X,n,r).

+ Ry p, (109)

3/4

o Central Limit Theorem
Under condition (M,.), 7 > 0, we get

S () - Gt = (GER) - (i) a0
(110)
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B Var (I x, ) Cov(Ix, | X — u|™)
where (") = ( (Xi>qx (p)) . (Xi>ax (p))» f .
Cov(I(x,>qx (p)) [X = 1l") Var(|X — p|")
1/(fx(ax(p))) 0] to use the

0 1
Bahadur representation (T09) of the sample quantile. One gets (as in [8], just with a different notation),

1—Fn(gx (p)—(1—p)
1/2 Fx(ax (®) _ /2 (4 (p) = ax(p) — RW) 4 A0 50 o
' (iZXi —nl" —m(X,r)> ! (m(X,n,r) —m(X,r) (0,5%) (111)

Then, we need to pre-multiply (i.e. from the left side) equation |j by {

where now
Var(Lix, > oy ) Cov(Mix, > gy ()1 X ="
(1) — 1% (ax () i fx(ax(p)) ] 112
COV(][(X11>(1X(P))’|X_“’|7) Var(|X _ |r) ( )
Fx(ax (p)) H

Because of the fact that R,, ,, has rate O(n~3/%log(n)) a.s., we can ignore it in an asymptotic analysis (as it

follows from Popovicius inequality for variances, [35]], that Var(y/nR,, ,) < M % for some M < o0).

Now let us compute the asymptotic covariance matrix $("). As we assumed (C} ), we have Fx (¢x (p)) = p
and hence

Elix,>qxn) =1 =0, Var(Ix,>qx(p)) = (1 — D),
hence, we obtain, 75 (n(X), p) being defined in(3),
Cov(I(x,>qx (p), |1 Xi —1]") = (1=p) E[|Xi — p|"|Xi > gx (p)] — (1 —p) E[|X; — p|"] = 7-(| X — ], p)-
(113)

Thus, we arrive at the asymptotic joint distribution of the sample quantile and the sample measure of
dispersion with known p for any integer » > 0.

Part 2 - Unknown Mean -

We analyse what happens with respect to the joint asymptotic distribution if we consider 7(X, n, r) instead of
m(X,n,r). For this, we restrict the framework to = 1, 2, and treat the two cases separately.

e Case r = 2. Note that we can write, using the sample variance 52 with known mean (1),

A2 n IR 2 v 2 no .2 v 2
- - X; — — (X, — = — (X, — . 114
o ”1<”;—1( 1)?* = ( u)) — (60— 1)?) (114)
Since we know that (X,, — ) % 0 and vn(X, — ) % N(0,0%), we deduce by Slutsky’s theorem
V(X — )2 25 0. (115)
n—oo

Thus, in our asymptotic analysis, we do not need any more to consider this term. Now, as we have
lim Cov(vnéy, vngn(p)) = lim Cov(vndy, v/ngn(p) + lim Cov(vn(Xn — p)?, v/ngn(p)),

it follows, by Cauchy-Schwarz inequality,

it [Cov(v/(Xa—4)2 viign(p))| < lim \/Var(va(X, — p)2)y/Var(viigu(p)) = 03[ B—2L g

oo % (ax (p))

We conclude that we can consider without loss of generality 52 instead of 62 for our asymptotic analysis.

e Case r = 1. In contrast to the case r = 2, the asymptotics of 0, = m(X,n,1) and 0, = m(X,n,1) are,
in general, not the same, as we are going to see.
From [4] - as also mentioned in [39] - we can see that for a distribution F'y with finite second moment and
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whose cdf is Holder-continuous at j, such that | Fx (z) — Fx(p)| < clz —p/f Ve € R, e > 1,0 < 3 < 1,
defining

R, =2 /01 [Fulp+ (Xn — p)y) = Fu(p) = Fx(p+ (X0 — py) + Fx(w)] dy, — (116)
it holds
Vi(0n = 0) = (0, — 0) + Vn(2Fu (1) = 1)(Xp — 1) + Ly, (117
with Ly, = (Xn — p)Rn + v/12(Xp, — 1) /Ol[Fx(u + (X — ) — Fx(p)ldy
and for some £ > 0, again from [4]],
P (|Xn — | <n"Y2logn, |R,| > k(logn)<1+5>/2n—<2+ﬂ>/4) =0(n?). (118)
Further, [4] show that asymptotically
V(0n — 0) + (2Fx (1) — D)v/n(Xn — 1) + VnLn ,Hi; N(0,02) (119)

with 03 = Var(|X — u| 4+ (2Fx (u) — 1)X). Those two relations (TT8) and (TT9) will be useful later on in
the computation. Note that we can write (TT7) as

\/ﬁ(énfg) = ﬁ(én70)+(2FX(u)71)\/E(Xn7,LL)+(2Fn(/L)72FX(:“‘))\/H(X7L7,U)+\/ﬁLn- (120)

Since F), (1) — Fx () L, 0and V(X — p) -4 N(0,0?), hence by Slutsky Theorem

28, (1) — 2Fx (0)Vi(Xn — 1) =5 0 (121)

n—oo

such that this term does not change the asymptotics of 6,,. But clearly, this impacts the following asymptotic
joint distribution:

() — ax(p) 0 (p) = ax(p) .
\/'E< én —;( ) = \/ﬁ(én -0+ (2Fx(pn) — 1)(Xn _/1’)"‘2()}71(/14) _FX(M))(Xn — ) +Ln> n%?o ./\/'(072( ))
(122)

where we already know X\ from (TTT)/ (TT2) and %) from (TT9), thus having
% ) nlggo Cov(v/ngn(p), \/ﬁén)
im Cov(v/nga(p), vb,) Var(X — ul + (2Fx () — 1)X)

We conclude with the computation of the asymptotic covariance: Using (T20), then (TTT)/ (TT2)/ (TT3) for
the first part, and the expression of lim Cov(yv/nX,, vng,(p)) given in [17] for the second part of the
n—oo

nr) —

covariance respectively, we obtain

. ; ~ (X —ul,p) B 71(p)
Jim Cov(vn(0n), vVngn(p)) = el @) + (2Fx (p) 1)fX(QX(p))

+ Tim_ Cov(2(F () = Fx (0)v/l(Xn = 1), vign(p) + lim Cov(v/Ln, vign (7).

The last two covariance terms on the right hand side of this equality can be shown to be asymptotically
negligible, using Cauchy-Schwarz. We have, using (121)),

lim_|Cov(2(Fp ()= Fx (1)) vVn(Xn—p), Vngn(p))| < lim [Var(2(Fy (1) —Fx (1))v/n(Xn—p)) Var(v/ngn(p)) = 0.

n—oo

The covariance with L,, requires more work:

nh_{rgo |Cov(vnLn, vVngn(p))| =
— Ve 1 %

n—0o0
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where we want to show that

li_}rn Var (vVn(X, — p)R,) =0 (123)
1

lim Var (\/ﬁz(xn - ,u)/ [FX (/’L + (Xn - ,U')y) - FX(M)}dy) =0 (124)

n— o0 O

Let us first consider (123). Clearly, E[\/n(X, — p)] = 0, Var(y/n(X,, — u)) = o2. If we go back to
the definition of R,,, (TT6)), by the boundedness of the integral and integrand itself, we can interchange the
order of integration and then use the fact that E[F,,(z)] = F(«) for any

1
E[R,] = 2/0 E[F,(p+ (X — p)y) — Fup) — Fx(p+ (X — p)y) + Fx (w)]dy =0.  (125)

By analogous arguments, we get
2

1
E[R2] = (2 B (= ) = ) = Fic(u+ (%o = ) + P wndy)

—4 / / (Vax (P (1) — Cov(Fu(12), Bt + (X — 1)) — Cov(Fu(n), Ful+ (X — )
+ Cov(Fn(p+ (Xp — p)a), Fp(p + (X — p)y))) dady.

As we know that the variance of the empirical distribution function is of order n~!, using again the Cauchy-
Schwarz inequality, gives lim,, o, E[R2] = 0 Again by Cauchy-Schwarz,

lim |E[v/n(X, R, < hm VE[R2 \/IE —u)? =0,

n—oo

thus, lim Var(v/n(X, —u)R,) = lim E[(vn(X, —u)R,)?]. To evaluate this limit, we use the bound-
n—oo n—oo

edness of R,,, i.e.

R,| <2 / Fu(ptt (X — 1)y) — Fali) — F(u+ (X — w)y) + F ()| dy
< / (Fali+ (X — w9)| + [Fa()] + 1F(u + (K — )| + [F(0)]) dy < 8.

For notational simplicity we write X = \/n(X,, —u), Y = R, and denote by f the joint density of (X, Y):

+log(n)
2v271 2,2 2,2
E[X7Y7] —/ w7y f(, y)d(z, y) / /y¢ etz psgrz Y f(@,y)d(z,y)

log(n) eETyE

/+10g(n)/ 2 ) 5 o
o e T Yz y)d(z,y) +/ /x y f(z,y)d(z,y).
log(n) klosGILD)? plostm L) ag[~ log(n) log(n)] /R
(126)

Using the bounds of the integral with respect to = and the boundedness of Y = R,,, we can write

+ log(n)
2,2
/ L¢ log(n)(1+ﬂ)/2 log(n)(1+5)/2] Ty f(xa y)d(xa y)

log(n) R yE el Ly Ry

+ log(n)
< 64(21 1
: ( Og( )) Og / /yi klog(n)(1+ﬁ)/2 klog(n)(1+ﬁ)/2] f(x,y)d(x,y)

log(n) - GTE) /3

= (1281og(n))* P (|)_(n — | <n"Y2logn, |R,| > k(logn)(1+ﬁ)/2n_(2+5)/4> = (1281og(n))>0(n%) = 0

where the last equality followed from (T18). For the other two double-integrals in (126)), we notice for each
of them (also, because by definition 0 < 5 < 1), that, for n — oo, one of the integral limits collapses, thus
the integral itself too. Hence, (123) holds.
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Let us look at the second quantity, (I24). We proceed in the same way, showing by Cauchy-Schwarz that
1

lim |E[vn2(X, —p) / [Fx (u+ (X, — p)y) — Fx(n)]dy]| = 0 such that the variance is the expectation
n—oo 0
of the square of the given quantity.

Hence, we first look at the integral part and use the Holder continuity (with a constant ¢ > 0):

1 1 1
/ [Fx (p+ (Xn — p)y) — Fx (u)]dy < / |Fx (1 + (X — p)y) — Fx ()|dy < / clp+ (Xn — py — pldy
0 0 0

C —
21 Xn = ul, (127)

from which we deduce that

E

(/0 [Fx (1 + (X — p)y) — Fx(u)]dy) 1 < E[*(X, —p)?/4] = % Var(X1) — Oasn — oo.

1
Thus, lim ‘IE {\/EQ(XH — 1) / [Fx(u+ (X, — p)y) — Fx(u)dy|| = 0 follows by Cauchy-Schwarz,
n— oo

0
as desired. We are left with showing that the variance, which is expressed as the expectation of the square
of the given quantity, vanishes:

i B | (VA5 — ) [ P+ (%, =) = P oldn?] =0,

n—oo

Using that | X,, — u| < 1"% a.s. for large n (see Lemma A.4, [4]]), we have for n > ng:

2
2
5c” logn

E < (v, - )P (B

(Vn2(X,, — p))? (/Ol[Fx (n+ (X0 — w)y) — Fx(u)]dy>

and hence, in the limit

clogn

lim E [(\/52(5% - p))? (/0 [Fx (p+ (Xn — 1)y) — Fx(u)]dy> ] < lim (——)? Var(v/n(X,, — ) = 0.

n—roo n—roo n

Putting both cases together, we arrive at

(X —plp) + (2 —7r)2Fx(u) — )7i(p)

li_>m Cov(v/ng,(p), vVnin(X,n,r)) = (128)

fx(ax(p)) 7
(|1 X — pl, 2—r)2F -1
e Vel =p)y/Var(IX — pl" + (2 — 1) (2Fx () — 1)X)
Getting the expressions involving the functionals hq, hs is then only application of the Delta method. (]

Proof of Proposition 3} Besides the Bahadur representation of the sample quantile, (I09), we also use a Bahadur
representation for the sample MedianAD, shown in equation (7) of [31]]:

¢ 12— (F(v+8)-Fr-8) [xv+-fxw-§1/2-F()
" fx(w+8+ fx(v—=§) Ixw+§+fxv—=¢ fx(v)

+ A, (130)

where A,, = O(n~3/*1log(n)3/*) almost surely. Clearly, (I30) can be rewritten in terms of an iid sum as

¢ ¢ — = (Mazy = XMW Ttcozirg) = 3 (0 = fx ()
! Bfx(v)

+ A, (131)

where, for notational simplification, o := fx (v + &) — fx(v — &) andf := fx (v + &) + fx (v — £) respectively.
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Using equations (T09), (I3T), and the fact that, by definition of v and &, P(X < v) = Fx(v) = 1/2 and
P(v — ¢ < X <v+¢§) = Fix_,(§) = 1/2, we apply the bivariate CLT and obtain:

YN (x> qx (p)) B 1—p ))
! 2 <<al(xi<u) - fx(;)lfus<xi<u+g)> (1/2(a — fx(v))

1=

1 (1 Satinen — ertcoxensen) ~ (e fen)) SNO 0

_(pi-p) OV )

where I' = ind:qn,én
(Covmd:q”,gn Var(alx, <) = fx (V) Lp—g<x,<vte))

with cov;, 4. e = amax (0,p—1/2) — fx(v)(max (0, Fx (v + §) — max (Fx (v — €),p)) — (1 —p)/2), as

we are going to prove below.

Then, we need to pre-multiply (i.e. from the left side) equation 1) by [1/ (Fx(ax(p))) } to use

0
0 1/(Bfx(v))

the Bahadur representation of the sample quantile and of the sample MedianAD (recall (T09), (I31))). We obtain:

1—Fn;q;(( (17)()—))(1—17) an(p) —ax(p) — R d

1/2 x (gx (p =nl/2 T o

n (i Slalix<,y—fx(») (V5(<;(5u+5))—1/2(°‘_f’<(”))> - < =& An ) e v
Bfx (v

(133)
where, ignoring R,, , and A,, since they are of order O(n~3/4log(n)) a.s. (same argumentation as for R,, , in the
Proof of Theorem ] part 1),

p(l - p) covind:qn,én
r— fx(ax(p)) Bfx(v)fx(ax(p))
COVs g, . Var(alliy,<v) = fx (V) Tp—¢<x,<vte)
Bfx () fx(ax(p)) B2 fx ()

We are left with computing the covariance cov,,, ;. i and the following variance:

Var(all(x,<u) = fx (V) p—e<x,<vt6))
= a? Var(]I(XZ.S,,)) + f)Z((V) Var(]I(,,_5<X1,§l,+§)) + 2afx (I/) COV(][(XiSV)v 7][(u—£<Xi§u+§))

- i <a2 + 2 () = 8afx (W) (B[ —c<x, <) — b)

where v := o? —dafx(v)(1 — Fx(v — &) — Fx(v +€)). Let us turn to the computation of COVypan

Cov(Iix,>ax ) @lixi<o) = Fx (W Ip—ecxicirg) =
O E[M(x,5qx ) Aix, <)) = Fx W) E[M(x,5 5 (o) Dp—e< X, <0re)] — (1 — p)%(& — fx(v)). (134)
Let us consider one after the other the two expectations in (134). Note that we can write (using the definition of v/)
Lixisqx ) Iixi<v) = {0 %fy =exp) (&221/2) ;
Lo m<xi<vy ifv>aqx(p) (&p<1/2)
from which we deduce E[(x,>q (p)) I(x,<v)] = max (1/2 — p,0). Analogously,

0 ifgx(p) >v+¢& (&p>Fx(v+¥§)),
Lix>qx (o) Lv—e<xi<vre) = § Mgx < xi<vte) v —E<agx(p) <v+§ (& Fx(v—¢§) <p< Fx(v+Y9)),
L ecxi<vrey  ifax(p) <v—¢§ (&p<Fx(-9§).

Thus we have E[]I(Xi>qx(p)) I[(U,E<Xi§y+g)] = max (0; Fx(v+ 5) — Inax (FX(V - €>7p))
Combining these two expressions in (I34) provides:

OV 6, = 0max (1/2 = p,0) — P (v) max (0, Fx (v + &) — max (Fx (v~ €),p)) ~ (1 )3 (0~ fx(v))

= amax (—p/2, (p — 1)/2) — fx(v)(max (0, Fx (v + &) — max (Fx(v — §),p)) — (1 — p)/2).
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This concludes the computations. Nevertheless, to be explicit, let us write out the overall asymptotic covariance
and correlation:

cov

i C n , An _ ind:qn,én
M, CovVnanp) V) =GR Frlax o)
—max (0, Fx (v + ) —max (Fx(v —¢),p)) + 1— p+%wmax(pf%,0)

(fx (v +&) + fx(v =€) fx(ax(p))

which is exactly the covariance in (T0) for the case hi(x) = ho(z) = z (the case with general functionals hy, ko
follows directly by the application of the Delta method), whereas the correlation is as in (TI):

. o —max (0, Fx (v + &) — max (Fx (v = £),p)) + P %Wmax (-5.%)
lim COY(Qn(p)vgn) - |

n—oo ( )
/1t e

As expected, the above computed asymptotic variance of the sample MedianAD, i.e.
1+9/f3 W)
A(fx(v+8&+ fx(v—9)°

exactly equals the variance of the sample MedianAD as in equation (11) of [40] (while in [31]] they seem to have
some typos in their definition of their quantity -+ such that one does not get the same result). (]

lim Var(v/né,) = (135)

A.1.2 Taylor’s Method

As mentioned, we offer an additional proof for Theorem [I] which is based on a Taylor expansion and extends
the ideas of [17]. The proof consists of two parts. In the first and main part, we show the Taylor expansion
and asymptotic normality in the case of estimating the measures of dispersion with known mean p for any integer
valued 7 (in analogy to the first part in the proof of Theorem[I)). The second part consists of extending the previous
result to the case where we estimate the measures of dispersion in the case of an unknown mean p for r = 1,2
and is identical to Part 2 in the proof of Theorem [I] Hence we focus here only on the case where y is known.

We start showing the asymptotic normality in the case of estimating the measure of dispersion by m(X,n,r) =
% >i1|Xs — p|”. This is done in three steps. The first step is to use a representation such that our quantities of
interest, the sample quantile and the measure of dispersion estimator, are functions of the uniform order statistics.
Then, we use the Taylor expansion to show the asymptotic normality of each of the estimators. Finally, in a third
step we compute the covariance (and then the correlation) between the measure of dispersion estimator and the
sample quantile.

Step 1: Functions of the uniform order statistics
Recall that for a standard exponentially distributed iid sample of size n + 1, 71, ..., Z,,+1, we have

J Z;
Uj = e

n+1 &9 ,i=1..n

and (Uy, ...,U,) has the same distribution as the order statistics from a sample of size n from a standard uni-
form distribution (see e.g. [36]). This allows us to express the sample quantile g, (p) and the sample measure of
dispersion m(X, n,r) as follows:

an(p) = X((np]) = qx (Upnp1) (136)

(X, n, ) Zqu —ul" (137)

Step 2: Taylor expansions
Using this, we can proceed with the Taylor expansion. We start with m (X, n,r) and expand for each ¢x (U;) in

65



1
(I37) around i/(n + 1), i =1,...,n: m(X,n,r) —Z (’qx ( +
n

)
r QX(n+1>—M

-2

)|
7;uk<n+1)%an(n+l> ”>Gh_nil>+00z%>

are negligible in the asymptotlc analy51s (i.e. w111 vanish asymptotlcally)
n+1

X () -
n ><n+1 (n+1)

oo / ax(t) -l
Using the transformation ¢t = Fx (z) (and dt dFX( )), we obtain:

1 “+o0 +oo
/ lax (t) — ldt = / lax (Fx () — pl" dFx (z) = / (& — " dFx (z) = m(X, 1),
0

— 00 — 00

The terms of order n

Then, in analogy to u,, in [17], we define p, (X, r) := . We can interpret it as the right

Riemann sum: p,,(X,r) =

from which we conclude that lim pu,(X,r) = m(X,r).
n—oo

Also, by the order of the error term of the right Riemann sum approximation, O(n 1), we know that
lim v/n (un(X,r) —m(X,r)) = 0. Hence, m(X,r) can be replaced by p,(X,r), even in asymptotics when
n—oo

multiplied by y/n, and we can write (with the notation a,, ~ b, whenever lim a, /b, = 1):
n—00 n—00

() o () ) (- 1))

We can then conclude the following convergence in distribution, by using the asymptotics calculated in [17] (see
eq. (12),(14) and (16) therein),

VAR, ) = (X))~ ﬂ(;Z‘w( )

=1

V(X n,7) = (X, 1)) i/o rlax (t) = ul" g () sgn (gx (t) — p) B(t)dt, (138)

where B(t) := W (t) — tW (1) is the Brownian bridge, W denoting the standard Wiener process.
Hence the asymptotic normality of the measure of dispersion.

For the sample quantile, we can copy the result from [17] one to one. We expand the sample quantile ¢, (p) =
ax (Upnp)) around p: ¢, (p) = qx (p) + dx (P)(Unp) — ) + O(n"2). As before, those higher order terms are
asymptotically negligible.

Thus, we get, following equations (11),(13) and (15) of [17],

fﬂp !
V(g —ax(p)) ~ q'x(p)<z p) L ¢ (p)B(p) (139)

n— 00 n+1 Zk
Hence the asymptotic normality of the sample quantile.

We can now conclude the normal joint distribution by using the Cramer-Wold device (the increments of the
Brownian motion being independent and normally distributed).

Step 3: Asymptotic Covariance and Correlation. We have, using the first two moments of the Brownian bridge,

Jim Cov (v (aa(p) = gx () . vV (X, 1,7) = (X, 7)) =
Cov (qx<p>B<p>7 | rlax(@) = i @ setax(o) - u)B(t)dt>
= () / Plax (t) — ul" gl (£) sen(ax (£) — ) E[B(p)B(8))dt

— () / Plax (8) — "l (8) sen(ax (£) — ) (6) (min (p. £) — pt)dt.
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Hence, we are left with computing the integral:

1
A Pl (£) — ul™ e (t) sgn(ax (£) — )’ (¢) (min (p, £) — pt)dt

= /oprqu(t) — 1" g () sgn(ax (t) — )’y (1 — p)dt + / rlax (t) — p" " g (£) sgn(gx (t) — p)dx (O)p(1 — t)dt
= =) ((ax® =00 = [ hoxte) =) < (Qax(® =@ =00+ [ o) =)
ax (p)

1 D e’}
—» [ lax( ~ulrde— (1 =p) [laxtO) =Pt =p [ Jo-pldFs@ - (1-p) [ o=l dFx(a)
P 0 ax (p) —o0
using partial integration for each integral (with v’ = r|gx (t) — p|"¢’ (t) sgn(gx (t) — n)d’x (t), ie. u = |gx (t) —
1|" and v being t or 1 — ¢ respectively) for the second equality , and ¢t = Fx (x) (dt = dFx (x)) in the last one.
Thus, we have overall, recalling the definition of 7, in (E[),

Jim Cov(/lan(p) ~ax () VA(R(X. 1) =m(X.1)) = d )7 (X —plp) = s

from which we can deduce the asymptotic correlation, namely

(IX =pl,p),

lim Cor(g,(p), (X, n,r)) = 7 (IX — pl,p)

oo V(L= p)/Var(IX — ")
A.2 Proofs of Subsection

In the following we present the analogous proofs to Appendix [A.T|but with the location-scale quantile estimator.
The main task is to compute the asymptotic covariances of the respective joint asymptotic distributions.

Proof of Proposition@ Let us recall two relations we can deduce about 7(X, n, ) from the proof of Theorem
m(X,n,2) =62 =2 +op(1) = m(X,n,2) + op(1) (obtained from equations (TT4), and (T15))

(X1, 1) = B = B (2Fx (1)~ ) (X = 1) F0p (1) =2 (X, 1, 1)+ (2Fx (1) — 1) (X — 1) 0 (1)

(from equation (T120) and what was shown in the following),

which can be rewritten, for any » = 1, 2, as:

m(X,n,r) =m(X,n,r) + (2 = 7)(2Fx (1) = 1)(Xp — p) + 0p(1);
whereas the location-scale quantile, as:
Qn,;l,é'(p) = X’n + QY(p)5n + OP(l)-

Since we have iid sums (and finite fourth moment by assumption), we can apply the bivariate CLT:

(o) = (idn)) = (o K1 20 i on) = (00))
Ly N(0,A1) (140)

n—oo

where the covariance matrix A" = (Al(;))7 7,7 = 1,2 has to be determined. The component Aég) is already
known from equation (I29) in the Proof of Theorem I}

ALY = lim Var(m(X,n,r)) = o Var (Y] + (2 — r)(2Fy (0) — 1)Y).

n—oo
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Let us compute the other components directly. We have

Aﬁ? = nhﬁnéo Var(gqn,p,6(p)) = lim Var(X,, + qy (p)6,) = lim (Var(XH) + ¢% (p) Var(é,,) + 2gy (p) Cov(X,,, c}n))

— ! E[YY] -1
=+ ¢2(p) M?QU)Z + 2qY(P);L§ =02 <1 + q%(p)% +qy(p) E[Y3]> (141)

where we used the Delta-method to derive the variance and covariance in the case of 5,,, from Var(&fl) = 4 — ot

and Cov(X,,,62) = us,
and A7) = A = Jim. Cov(vngn 6 (p), vVnim(X,n,r))
= nh—>nolo Cov (\/E(Xn + QY(p)&n)v \/ﬁ (m(Xv n, T) + (2 - r)(QFX (M) - 1)(Xn - M)))
= lim Cov (\/E(Xna \/ﬁ (m(Xa n,r) + (2 - T)(2FX(:U’) - 1)(Xn - M)))

n—oo

+ay(p) lim Cov (Vnén, vn (m(X,n,7) + (2 = 1) (2Fx (1) = 1)(Xn — p))) . (142)

We do this in two steps, considering separately the asymptotic covariance with the sample mean (first
covariance term in (I42))) and that with the sample standard deviation (second covariance term of (142)).

In both steps we proceed with the same techniques as in the proof of Theorem|[I] when using the bivariate
central limit theorem. This means, we compute the covariances by looking at the i-th element of the iid
sums:

Cov (X, | Xi— " +(21) (2Fx (1) ~1)(Xi—p)) and Cov((Xy—p)%, | Xi—pl"+(2—r) (2Fx (1) ~1) (Xi—p)).

Step 1: Covariance with the sample mean

Cov(Xi, [Xi — pl" + (2 =) (2Fx (1) — D)(Xi — )

= E[X;|X; — pf"] = pE[|X; — pf"]+ (2 = 7)(2Fx (p) — 1) Var(X;)

= E[(X; — )| X; — p|"] + (2 = ) (2Fy (0) — 1)0”

= B[ Xi — p M U xsp] — B[Xi — pl M xep) + (2= 1) (2Fy(0) — 1)o?
TR iy s0)] — o T RV iy )] + (2 = 1) (2Fy (0) — 1)0”
Y = o™ EY T 00 (1 + (1) )] + (2 = 1) (2Fy (0) = 1)o" !
= o M EY ] - 0"12(2 — 1) Y <)) + (2 — ) (2Fy (0) — 1)
=o T (BN + (2 —7) (2Fy(0) — 1 = 2E[Y, T Iy, <0)]))

=0

— O,T+1 E

where, for the transformation in the last three lines, we need to recall that, since we only consider
r = 1,2, we can write (2 — r)o? = (2 — 7)o"t and (1 + (—=1)"!) =2(2 — r).

Step 2: Covariance with the sample standard deviation

Considering the covariance with the sample variance, we can write

Cov ((X; = )%, 1Xi =l + (2 = 1)2Fx (1) = 1)(Xi — )
— B[|X: -l — e B[IX; — l"] + (2 — 1) (2Fx () — 1) E[(X; — o))
= o’ (B[] - E[Vi["] + (2 = r)(2Fy (0) - D E[Y}?])
where we used in the last line the fact that (2 — r)o® = (2 — r)o" 2 forr = 1, 2.
Thus, lim Cov(v/ndy, Vin(X,n,r)) = o2 (E[Y] 2] - E[Y]] + (2 — r)(2Fy(0) — 1) E[Y?)]),

from which we obtain the covariance with the sample standard deviation, by applying the Delta-method:
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r—+1

Tim Cov(y/ndn, Vaim(X,n,r) = T~ (BIY[™) ~ E[Y]] + (2 r)(2Fy (0) - 1) E[YY)
(143)

Putting together the results of both steps in equation (142)) gives A, . The asymptotic correlation follows

by dividing by the asymptotic variances Aﬁ) and Aé;) computed before. The asymptotics involving
general functionals hy, ho follows by applying the Delta method. To end, we point out the symmetry
of the asymptotic correlation around p with a value of 0 for p = 0.5 for a symmetric location-scale
distribution. For this it is simply enough to consider the numerator of the asymptotic correlation, as the

denominator is symmetric around p = 0.5 as in such a case E[Y?] = 0, see (T8):

(r)
12

E[Y™) + (2 - ) (2Fy(0) — 1 — 2E[[Y [ Ly og)]) + qyém (BIYT™] = E[YT] + (2 = r)(2Fy (0) = ) E[Y?))
= B + (2 1) (2B Lyaoy)) + 2 (B - EYT)

[P @Y P - EY])  forr=1,
qYT(p)VM(Y) for r = 2.

Hence, we have shown the symmetry around p = 0.5 and that the correlation equals to zero for p =
0.5. (]

Proof of Corollary Note that this proof is one-to-one as the Proof of PropositionE], only that we have ¢, (p)
instead of ¢;, ;,5(p). Thus, there is only little change. For the covariance note that, using (I43) in the second
equality,

nhHH;o COV(\/’EQn,Fr(p)v \/ﬁﬁl(X, n, T)) =dqy (p>nlggo COV(\/ﬁ&na \/ﬁm(Xa n, T))

ot . :
= —— B[V = E[[Y]]+ (2 - r)(2Fy (0) - DE[Y?]),
- : 2 : 5 2o, EYY-1 : N
and for the variances, lgm Var(gn.s(p) = ¢y (p) hﬁm Var(6,)) = 0°¢y (p)) ————, and lgm Var(m(X,n,r))
is given in equation (I29). O

Proof of Proposition [6} To use the bivariate CLT in this case, recall the Bahadur representation (I31)) for the
sample MedianAD, and the asymptotic equivalence of 52 and 52 (see (TT4) and (TT3)).

Thus, as we have iid sums (and finite fourth moment by assumption), we can apply the bivariate CLT and obtain:

s Xn +qv(p)d +op(1)
n1/2 ((q M&, (p)) B (qxg(p)» = pl/2 <<i2?l(al[(m<u>fX(V)I(l,_E<T,<l,+E>)é(an(V)) . An> _ <qx§(p)>>

Bfx )

4 N(0,TD),

n—oo

witha = fx(v+&) — fx(v—§), 8= fx(v+&) + fx(v—&) and IT = (II,5), ¢, j = 1,2, the covariance matrix
that we compute in the following.
Since I11; and IT55 have been already evaluated in (141)) and (135), respectively, in the proof of Proposition we

are left with computing the asymptotic covariance II;5 = Ils; = lim Cov (\/ﬁqn 1,6 \/ﬁén>:
n—oo

;5 = Cov (\/H(Xn + gy (p)Gn), \/ﬁ% :’l:l (a]I(wSV) - fX(V)BIf(U—(E;ﬂCSV-ﬁ-f)) — % (o — fX(”))) . (144)
x\V

We do this in two steps, looking separately at lim Cov(vnX,,vné,) and lim Cov(v/né2,v/néy). For the
latter, we then use the Delta-method to obtain lim Cov(y/no,, \/ﬁén) instead.
n—oo

Since we have iid sums, we are left with computing the covariance of the i-th element of their two sums each.
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Step 1: Covariance with the sample mean. Recall that P(X < v) =1/2and P(|X — v| < &) = 1/2. Then,

Cov <Xi, Moy = f;;;)(ﬁ)v—&XiSw&)) _ ﬁf;i(l/) (a EXiT(x, <] = [x () E[Xi My —ecx,<ote)] — g(a - fx(V)))
= 550 (VB y,comn)] = Fx () EYil(smgos oy, cvsmu])
using X; = p + o; for the second equality. Therefrom we deduce,
Tim_Cov(vnXy, vViné,) = % (f':(u) E[Y Ly coms)] - E[YI(W<Y<W)}> . (145)
Step 2: Covariance with the sample variance. Analogously we can proceed for the covariance with the sample

variance:

Lx.<y) — Ly eex.<n
Cov <(X7:u)2 allix,<v) — Ix (W) Lp—e<x,< +5))

’ Bfx(v)
o2

S aB[(Xi — 1) Uix, <)) — Ix (W E[(Xi — 1)* D¢ x, <vte)] — 5 (@ — fx (v))

Bfx(v) 2
o2

= Y2y, comi)] — fx () BN umima_y vnems ] — 2 (0 — ()

/BfX(V) g o o 2
Hence,
. -9 sy o2 « 9 1 «
nll)n;o COV(\/HO'n, \/ﬁgn) = — <va(y) E[Y ][(YS%)] — E[Y2]I( u—i—u <Y< u+§—u)] — 5 (M — 1>)

and by the Delta-method

. 1
Tim_Cov(vnga, v/nén) = % (fxo‘(y) EY? Ly comn)] = BV Lmgn oy o] — 5 (J;EV) - 1)) . (146)

Combining (T44), (T43) and (T46) provides the desired asymptotic covariance:
nh~>nolo COV(\/EQW,,/LC% \/ﬁén) = nh~>nc}o COV(\/E(XTL +qy (p)&n)7 \/ﬁén)

g (6%
= — [ ——E[2Y1 veu| —ERY T, v—e—u vtE—p

(0%

1 «
tavie) <fx(1/) EY Ly o)) =B Tomgu oy cosemn)] = 5 (fX(V) B 1>>>

from which (26) follows, by plugging in the explicit expressions for 3, o, fx (v) in terms of fy, e.g. fx(v) =
1 fy (¥>£). The asymptotics involving general functionals hy, hy follows by applying the Delta method. O

Proof of Corollary@ This proof is one-to-one as the Proof of Proposition@ replacing ¢y, ;1,6 (p) by ¢n,s(p), thus,
there is only little change. To get the covariance, (31)), we use that Jim Cov(vngn.s, vVnén) = qy (p) Jim Cov(v/nbm, vVnén),
where the latter covariance has been computed in (T46). Also, we use the expression in terms of Y for 3, a, fx (v).
Then, the correlation follows directly as the variance nh_)ngo Var(\/ﬁfn) is given in (T33) and nh_}n;o Var(gn,s) =

g% (p) (E[Y] — 1)o? /4. o
A.3  Proofs of Subsection
Proof (Proposition(8) This proof applies simply the Delta method. U
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A.4 Proof of Subsection 2.4

The only proof in this subsection is Proposition[I0] To better structure the proof, we formulate the first result of
Proposition[I0] equation (33)), as a lemma and prove it separately. Using this lemma, we then prove Proposition[T0}

Lemma 28 Let k, [ be positive integers and consider an iid sample with parent rv X (with mean . and variance
o2, if defined). Given the respective smoothness and moment conditions, the asymptotic covariance between func-
tionals of a quantile estimator i, with sample size In (be it hi(qin), P1(qin,j,5) or hi(qin,s)) and the functional
of the measure of dispersion estimator with sample size kn, hg(ﬁi,kn)fori € {1,2,3}, simply is

lim Cov (\/ﬁhl(qln),ﬁm(ﬁi,kn)) _ L ooy (\/ﬁhl(qn)y\/ﬁhQ(Di,n)) .

n—oo max (k,l) n—oo

Note that by ‘the respective smoothness and moment conditions’ we refer to the corresponding cases in the results
of Subsection[3.Iland B2

Proof of Lemma[28] We want to proof the scaling law

. lim Cov(y/nh1(Gn), vVitha(D; 0))
HILII;OCOV(\/ﬁhl(qun) Vihs(Dign)) = max (k, 1)

in the general case considering all three dispersion measure estimators (¢ = 1,2, 3) and the three possible quantile
estimators. This gives us nine different cases to consider. But all the proofs in those different cases share a com-

mon approach that we present first (before considering each case).
n

1
General procedure - Consider two sequences of random variables A,, = — Z (Xi)+ay, and B,, = Z b(X
n

i=1
by, which are functionals of X; and consist of a sum of two given parts: One linear part, an iid sum of functlons

a and b, respectively, of X, denoted by a(X;) or b(X;), and a second part called the ‘rest’ denoted by a,-,, and
b, », respectively.
Let us compute the asymptotic covariance lim Cov(v/nA,, v/nBy,) assuming k > [, the reverse case being
n—oo
shown analogously. We proceed in two steps. The first step consists of splitting the longer sample as By, = By, +
‘rest’ to have a covariance of equal sample size that we already know how to handle, as lim Cov(y/nAy,, vVnB,)
n—oo

1
= lim Cov(yv/nA,,/nB,). The second step consists of showing why the ‘rest’, when splitting By, is negligi-

n—oQ
ble in the calculation of the covariance. Assuming this second step, more precisely that

ILm Cov(v/nAim, Vb, k) =0 and ILm Cov(v/nAin, vVnbyi,) = 0, (147)

kn

and noticing that lim Cov (ﬁAm, £ E b(Xi)> = 0 because this is the covariance of iid random vari-

n—00 kn
i=Iln+1

ables over disjoint samples, we can write

kn kn
. . 1 . 1
nh_)rr;o Cov(v/nAp,, vV/nBin) = nh_}rrgo Cov (ﬂAln, vn (kn ;:1 b(X;) + br,kn>> = nlgr;o Cov (ﬂAln, \/ﬁ% E b(Xi)>

= nlgréo Cov <ﬂAln, nx — ( Zb ) + by m)) —&—nli_)rréo Cov (fAlm ( Z b(X

1=In+1
I lim Cov(v/nA,,vnB,)
= lim Cov | V/nAp,,v/n x — x By, | = ==
k max (k, 1)

n— oo

By Cauchy-Schwarz, equations will equal to zero if we have that 1i_>m Var(v/nb; ) = 0.

Thus, to show the scaling law for the quantile and measure of dispersion estimators, we will prove the follow-
ing: (i) We can express the quantile and measure of dispersion estimators in the form of A,,, B,, respectively; (ii)
lim Var(y/nb,,,) = 0 (covers the case k > 1); (iii) lim Var(yv/na, ) = 0 (covers the case k < [). Let us finish
n—00 n—oo

the proof commenting on why our six different estimators fulfil those properties. Meaning that for each estimator
we will show that the representation (i) is possible and that (ii) holds (which is equivalent to (iii)).
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e Sample Variance 62.  Recall from (TT4) that 62 = nz 1&% + ni T (X, — u)®. Hence, we have

=1 A, = &2 with a,., = 25 (X,, — p)? (thus, (i) holds) and we know, by (IT3),
lim Var(yv/n(Xn — 1)) = 0 (i.e. (ii) holds).
n—oo

e Sample MAD 6,. The calculations were done in Case r = 1 in Part 2 of the Proof of Theorem [I} From

([[20) we know that 0, = 6,, + (2Fx (1) — 1)(X,, — p1) + (2F, (1) — 2Fx (1))(Xpn — ) + L, where
recall that 6,, is an iid sum. Hence, (i) is fulfilled. After, (120) we showed that li_>m Var(vn(2F, (1) —
n o0

2Fx (1))(X,, — p)) = 0. Further, following the proof of the claims (123), (I24), we can conclude that
lim Var(y/n—=) = 0. The two facts together meaning that (ii) holds.
n—oo

Vn
o Sample MedianAD én The Bahadur for the sample MedianAD gives us directly (i) (see (131))):
o AT (M) — Fx (DT —gcocite) — 3 (00— fx ()
fn - f -
Bfx(v)

As by this representation it also holds that A,, = O(n=3/*(log(n))3/4, it follows from Popovicius in-
equality for variances, [35]], that there exists M < oo such that

logn)3/2

o Sample quantile q,,. As for the Sample MedianAD, by the Bahadur representation we can show that (i)
and (ii) are fulfilled: We have from (109)

1 - Fy x(gx(p)) — (1 —p)
fX(C]X(P))

Thus, with Popoviciu’s inequality for variances again, we get for some M < oo

+An

, which converges to zero as n — oo giving us (ii) as desired.

an(p) = qx(p) + +Rn, with R,, = O(n~**(log(n))>/*)

1 3/2
7( og ™) — 0.

nl/2 n— 00

Var(v/nRy,,) < M

e Location scale quantile (known mean) qy,, 5. This case can be seen as a functional of the sample variance:
dn.s = qv(p)\/62. Thus, we simply apply the Delta method to the result from the case with 62 and we
are done (no need to verify (i) and (ii)).

e Location scale quantile (unknown mean) qy, ;5. Recall, that g,, 5 6 = X, + Ongn,s and X, is already an
iid sum. Thus, in comparison with the case of ¢,, s nothing changes.

For general functions A1, ho, we simply need to use the first order of the Taylor expansion (and the shown argu-
mentation then holds for this linear approximation) -as higher orders are asymptotically negligible. (]

Proof Proposition [I0} Using the result from Lemma 28] it is straightforward to show the relation for the corre-
lation: We note that, by the asymptotic normality results for all the different quantile estimators and measure of
dispersion estimators, we obtain for a fixed integer £ > 0

: _ o Var(a(p) _ i Var(nae(®) _ o Var(gne(p)
Jim Var(gen(p)) = lim ———===;  lm Var(ginp6(p)) = lim ———=====; lim Var(gens(p)) = lim ———=——;
An A én . - . An
lim Var(6gy,) = lim M; lim Var(fy,) = lim M; lim Var(§gy,) = lim %.
n—00 n— 00 n—00 n—00 n—00 n— 00 k
Thus, directly
Cov (Vith (den), v/ha(Di 1)) T

lim Cor (\/ﬁhl(qkn),\/ﬁhz(bl—,m)) = lim = lim

nee " /Var(hy (Grm ) Var(ha(Di i) R Var(h;i(q"))\/ Var(hz(lDi’"”’))

kl . . - min (k, 1) ) ) .
=\ e (1) < i, Cor (Vah(@n). Vitha(Di.n)) = max () < m, Cor (Vith1(@a), Vitha(Din) )
where the second equality uses Lemma[28|and the aforementioned scaling of the asymptotic variances. (]
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Appendix B  Proofs of Section 3]

The proofs in this Appendix [B] will be an application of Theorem [T]and Proposition [3] for Section [3.1] and Corol-
laries [5} [7) for Section [3.2]to more specific cases.

B.1 Proofs of Subsection 3.1]

Proof of Proposition [I1, We simply need to show how equations (6), (7) and (8) transform for location-scale
random variables, i.e. when X = p + oY Let us start with the covariance in equation (7)), and observe, that by
definition, we have (for any integer r > 0)

7 (IX = pl,p) = 7(loY],p) = (1 — p) (E[(|eY])"|X > gx(p)] — E[(|oY])"])
=1 =p)o" (E[([Y])"|X > gx(p)] = E[([Y])"]) = 0" -([Y], p)
and besides, for » = 1, we can write
m1(p) = 11(X,p) = (1-p) (E[p + oYX > gx(p)] — E[u + 0Y]) = (1-p)o (E[Y[X > gx(p)] — E[Y]) = o71(Y,p) = 0" 71 (Y, p).

By the basic properties of a location-scale random variable, we have that Fix (1) = Fy(0) and fx(¢x(p)) =
L fy (qv (p)). Hence, we get the desired covariance:

7 (| X = plip) + (2 = 1) (2Fx (1) = D7 (p)
fx(ax(p))
o (1 (1Y ]:p) + (2= RFY(0) ~ m (Vo))
fy(av(p)) .

Jim_ Cov(v/ngn(p), vnriu(X, n,r)) =

The correlation follows directly as we can write, for r = 1, 2,

. ~ p(1-p) _ 2 p(1—p) an
dm Var(Vnan®) = 70y =7 Raw)

nh—>12o Var(vnm(X,n,r)) = Var(JoY|" + (2 — r)(2Fy (0) — 1)(u + oY) = Var(loY|" + (2 — r)(2Fy (0) — 1)oY)

As we are considering » = 1,2 we can write in the second part of the variance o = ¢” such that we get

Jim Var(vnm(X,n,r)) = o Var(|[Y|" + (2 — r)(2Fy (0) — 1)Y). (148)
Thus, we deduce
: 5 __ wlYlp+@=r)2F(0) -7 (Y,p)
Y e N e T D S M

As a last step we verify the following two claims about the asymptotic correlation between the sample quantile
and the measure of dispersion estimator in the case of a underlying symmetric location-scale distribution:

e it has its minimum correlation value (in absolute terms) of 0 for p = 0.5
e it is point-symmetric with respect to p = 0.5
If we have a symmetric location scale distribution, the asymptotic correlation, (T49), simplifies as follows:
: A (Y], p)
lim Cor(q,(p), (X, n,r)) = :
n=>00 Vp(l = p)y/Var(JY])
First let us show the value of zero correlation for p = 0.5. We have

7 ([Y];p) = 0 & p(1 = p)(E[Y[[X > ¢x(p)] - E[[Y||X < ¢x(p)]) =0
S E[Y|IY > gy (p)] = E[Y[]Y < gv(p)] & p=0.5.

where the last equivalence follows by the symmetry of the underlying distribution.
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To show the point symmetry of the asymptotic correlation, we need to show that

hm Cor(gn(p),m(X,n,r)) = —nlirr;o Cor(g,(1 —p), (X, n,r)).

This follows by straightforward manipulation as, for a symmetric distribution, it holds E[|Y|"|X > ¢x(p)] =
E[lY]"|X < gx (1 — p)]. Hence,

Tr(|Y|vp)
nl;rréoCOr(Qn( p),m(X,n,r)) = \/p 1- )\/Var(|Y|r)

p(1—p) EY]"[X < gx(1 —p)] —E[Y|"X > gx(1 —p)])
V(L —p)y/Var([Y])

- \/p(_lT:ﬂY\/ifa_r W Cor(gn(1 - p),m(X,n,7)). O

Proof of Corollary[12} It is a direct consequence of Proposition[TT] by plugging in r = 2. O

We think it is worth it to provide insight into the calculation of the two examples:

Proof of Example I3} We simply need to compute the quantities in (37), (38) for the two distributions explicitly
in the case of the dependence between the sample quantile and the sample variance. The related cases with the
logarithm follows directly from this by the Delta method.

®

(i)

Looking at the Gaussian distribution, we can compute, using partial integration,
) 1 [av(p) ) 1 . .
BYY <or) = [ o)y = (-6 )2 () +p) (150)

and, as fy (qy (p)) = #(®~1(p)) in this case, equation becomes
lim Cov(vndy, Vngn(p)) = 0@~ (p),

and accordingly, as E[Y4] = 3 in the case of a standard Gaussian distribution, equation becomes
¢~ ()2 (p)
2p(1 —p)

. ~2 _
nlgr;o COI"(O’n, dn (p)) -

Note that the standard Student t-distribution has variance v /(v —2). Thus, while we would like to work with
the random variable Y that is standardised to have variance 1, we will stick to the standard Student random
variable Y, which is more favourable from an implementation point of view. Thus, when considering
equations (37),(38), we need to be careful about this. Analogously to the Gaussian distribution, we look at

1 [av®) 1y—92 i)
EY?Y < gv(p)] = 2;/ v fy (y)dy = = / 2% fy(2)dz, (151)

which can be seen as the second moment of a truncated Student distribution. Results for this are readily
available. Unfortunately, the provided results are sometimes wrong (see e.g. [24]] for the univariate case,
[2] for the multivariate case or [23] when using a truncated skew-Student distribution; the approach via
hypergeometric series in [19]], in the case of truncated skew-t-distributions remains unchecked because it is

difficult to reduce it to the non-skewed case). So we turn to a correct derivation, found in [21]], where we
have that, for real-valued truncation points —oo < a < b < 0o, v > 2

b Fy by/=2) - Fy v=2
2, vy —1) Y7V—2( y) YI/2( y)
/az [y (x)dx = 5 X Fo () — Fy (a) —v  (152)

1
Fy (b) = Fy(a)

where Fy denotes the standard Student cdf with v degrees of freedom and Fy Vo the standard Student cdf
with k& degrees of freedom. Note that the condition —0co < a < b < oo in [21] is actually not necessary for
their proof, i.e. we can have —oco < a < b < oc.

The above expression can be modified (which yields a simplification for our calculations) using a recurrence
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relation for the cummulative distribution function of the Student distribution (as presented e.g. in [22] in
the more general case of a skew-t distribution), here for v > 2,a € R:

v—2

which for our purposes, is simplified in a form where we get the density involved:

Fys ( ”2>—F9<a>%(1+‘*)_TW—FfV(a> L (1+2) e

v N Zis v v—1 v—1
(153)
Combining this latter equation and (T52)), taking @ = —o0, b = ¢y (p), we obtain:
2
a5 7) vy —1) (1+ 22 g5 (p) v
[ ety ="2=2 | By lag o) = fulay o) 25 | v = 2 (0= oy (0))ay )1+ 0) ).
oo v—2 v+1 v—2
(154)
or, equivalently,
> v v
/ v’ Iy (y)dy = - (p = fo(ay (0)ay () (1 + aE (p)/v)) - (155)
a5 (;D) v—2 v—2
Hence, recalling (I51)), we can conclude that
1
EY?)Y <gy(p)=1- Z;f{z(F?(p))Q{/(p)(l + ¢z (p)/v), (156)
and, as fy (gv (p)) = cfy (g¢ (p)) in this case, we get from equation that
a3qs 14 g2 v
lim Cov(y/ié2, Viign(p)) = ay (p) (L + g5 (p)/v) .
n—oo | 4
v—2
For the correlation, one needs to recall that in the case of the Student distribution
—2\? v—2\? 32 v—2
—E[0Y)Y]=o* (£ E[V*] = o* —304 22 157
Ha [(@Y)] =0 < v Y=o v (v—2)(v—4) 3o v—4’ (157

R0

-2 - (g5 1+%&
ie. E[YY] = 31/74, which gives us, by 38), lim Cor(62,¢,(p)) = Jy(ay (P)ay (D)L + ) O
vV — n—oo

~—~

=

Proof of Corollary[14} It follows from Proposition [T by plugging in r = 1. O

Proof of Example As both distributions are symmetric around the mean, and are location-scale distributions,
the asymptotic covariance and correlation already simplify from (@4)) and (@3) to:

. N _ p02 g_ :7(1_;0)02 — oz
lim Cov(v/n(gn(p), vn(0n)) = o) (U E[Y|lY < qY(P)]) fy(qy(p))(EHYHY > qy (p)] —0/0),
. . (£-E[Y[Y <gv(»)])  (1-p)EIY]]Y > qy(p)]—0/0)
im Cor(q,(p),6,) = Py = .
A, Corlanle), On) = = s 07 Vo= p)y/i- 02/

The main task is to find an explicit expression for either E[|Y||Y < gy (p)] or E[|[Y]|Y > gy (p)]. The easiest
way to compute this is to restrict oneself to the case of p < 0.5 in the former or p > 0.5 in the latter. As we know
that the correlation (and hence also the covariance) is point-symmetric, we can then deduce the case of p > 0.5
or p < 0.5 respectively. As in applications we are usually interested in high values p of the quantile, we show the
expressions for p > 0.5:

EY Ty >qy (p))]

As by construction, Y > 0 a-s. for p > 0.5, we have E[|Y]|Y > gy (p)] = E[Y|Y > ¢y (p)] = i
-p

b

which simply is the truncated first moment of the corresponding distribution.
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(i) In the case of the Gaussian distribution, § = E|X — | = U\/%. Hence E|Y|=0/0c = \/% and thus

62 2
For p > 0.5, we have by direct calculation that
El[Y Ly sqy o] = EY Iy sgy ()] = 9@ (p))- (159)
Hence, we have
o (6@ () - (1= p)y/2) @) - (1-p)y2

and lim Cor(gy,0,) =

lim Cov(v/ngn, \/ﬁén) =
n—oo

e ) o ’ p1=p)y/1-2

(ii) For the case of a Student distribution, we need to pay attention as § = E|X — u| = ¢ E|Y| = \/“I E|Y].
v—2
. INE= 9 = —2
RecallthatE\Y|:,/K (3 ),hencewehaveE|Y\:f: v I v and thus
m I'(v/2) o m I'(v/2) v
92 v—29 F2(V7*1)
vhe1-9 - 3 ) 160
Var(vl) =1 % SR (160)

Finally, using the formula for the truncated moments from [21]], we get

> regt) v 2o\ L e 2 (p) 2(p)\
0] = T 2) yom v —1 (H 5 ) B PN G G

14

= — felay(0) (L + g3 (p)/v). (161)

v —

[y

Hence, as E[Y]I(Y>F;1(p))} = IE[Y][(};N?(]J))], we conclude

v

-2

N

]

o (L fylay )1+ 00— (- )y 2R
Jy (a3 W)V v —2)
Y g )+ () ) — (- p)y /2R

and lim Cor(qy,,0,) =

n—oo

lim Cov(v/ngn, \/ﬁén) =
n—oo

v—2 P2 (5
p(1—p) - TQ F2((u?2))

Proof of Proposition 16}, We need to show how covariance and correlation transform from equations (9)), (I0)
and (TI). For the covariance it suffices to notice the following - which comes from the definition of X and Y, i.e.

from X = pu+oY:

v+€&—p 1 1 vE&—p
Px(ve) = PlutaY < v = Fy (“2572): fulax(o) = Shrlarls fx20) = 2fv (2.
For the correlation we notice, additionally to the above, that v = 024 (with + defined in Proposition [3| and 7 in

Proposition and hence — Z_ . ]

W)~ (e

Proof of Proposition We will show how to transform the general location-scale equations (31)), (52) for

covariance and correlation when assuming symmetry. For the MedianAD, we have

1/2 = B(X —v| <€) = (X — ul <) = B(lo¥| < €) = Fy (¢/0) — Fy (~¢/o).
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By symmetry, we can write that Fy(—z) = 1 — Fy(z) and fy(z) = fy(—=x), forany x € R. So 3/4 =
Fy(¢/o) & & = qy(3/4)0, and thus, as v = p and € = gy (3/4)0, we have

= Flav(3/0) =34, Ryt E

vil—p
(o

e (LEET ) = Fy(—av(3/4) = 1 — Fy (ay (3/4)) = 1/4,

and fy( ) = fr(£qy(3/4)).

Therefore the covariance (1) simplifies as follows:

2(—1nax(0,3/4—max(1/4,p))+%) , ,
Folay G2 oy Gy X @) hald)
1—p—2max(0,3/4 — max (1/4,p))

-9 4fy (qy () fy (qv(3/4)) : hll(QX(p)) hé(é)

As for a symmetric distribution v = 4 = 0, the correlation follows directly with the above from equation (52). O

Tim Cov (Vi b (ga(p)). Vi a(é,)) =

Proof of Example [1;8} As the Gaussian and Student distribution are both symmetric, the correlation does not

depend on the underlying distribution and is equal to the one in equation (34). From equation (33) we straight-
Y

forward compute the covariances. In the Student case, just recall that Y = ———— hence =
p ] m fr (QY (p))
55 fy (ay (D)) 0

B.2 Proofs of Subsection 3.2

Proof of Proposition From Proposition E] by plugging in r = 2 and noticing that p; = o*E[Y?] and
E[Y?] = E[|Y|?] = 1, the covariance follows directly from (T7). For the correlation, we have from (T8),

lim Cor( E[Y3]+qY(p)(IE[Y]—1)
Jim_ Cor(gn. 5.5 (¢).57) Bz e
1+ (p +ay(p) EY?]/E[Y?] — 1

2E[Y?] ay (p)y/ (E[Y*]-1)
((E[Y“] Dov ) 1) 3

E[Y _ AE[YS]
qu I\/i\/qy(ma@ v T+ geern

sgn(p — Fy (0) (1 2E[Y31 -
(+E[Y3]gy (p)) E[Y4 - 1)gy(p) )~
\/1+(E[Y4 Loy (E[Y*] = gy (p)
Proof of Examples 20}
(i) The Gaussian case is direct from Proposition[T9]
_ - 2
(ii) For the Student distribution, we just need to recall that for Y ~ (0,1, v), E[Y*] = (;ﬁ from
vV — vV —
- 4
: 4 4y-4 Y 4V —2
which we deduce py = E[(X — p)*] = E[o* Y| =E | | 0 —F——s =30 ,
Vv —2) v—1
. 4 4 V—2 G v—1
and, accordingly, pi4 —o* =0" | 3 —-1) =20 . (]
v—4 v—4
Proof of Proposition 21} Direct by plugging in 7 = 1 in Proposition ] ]

Proof of Example 22}

2p/2 1
(i) For the Gaussian distribution, we need to recall its absolute moments, namely E[| X |P] = o” 7 r (p—;—) ;
T
in particular E[|Y|*] = 2/2/7 and E|Y|=60/0 = \/2/7. Hence, plugging into (63), respectively

Tim Cov(vgq (p). vih) = o P B[y ) - 0/0) = o @;g s
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lim Cor(gy, (p),én) = EIYFT -,

n—oo

2/m 1
———— % sgn(p—Fy( sgn 1/2)
H4L;104 Var(|Y|) g (p Y \/27 g p / m

3/2
E[|Y|%]). Notice that for any

sgn(p—1/2).

(ii) For the Student case, we first need to compute E[|Y|?](= Y

symmetric distribution around its mean (which equals O in this case), we have

BITF = [ Wit wdy=2 [ vy
—o0 0
Truncated moments of a standard Student distribution being computed in Theorem 1 of [21], we apply their
21 (431)
I(v/2)y/vr’

o o ] o, -1 1 B 2K 12
E[|Y|]—2/O Y [y (y)dy = kv (V1+V3>_(y1)(1/3)-
Thus,

3/2 3/2 : : v—1
vt (452) i (52) o - By - e o
L%z
I'(v/2)°
we obtain for Y = ”T’Q Y that g = E[|Y]] = \/wa2 i((:Q;;)) Hence, for the covariance, again
plugging into (63)),
lim_ Cov(v/igns (), vithn) = > 2 & &(¥?) - 0/0) = o qyép) \/”?E((Vj;)) (2” —2

n—00 2 v—3

CLavp)v—1 fv—2T() 2 (v-1)(v-2) T(4)
7 u—3\ﬁr(u/z)_qy(p)zm v—3  T(v/2)

where for the last equality we used the relation between gy and ¢y in the case of a Student distribution.

result for a lower truncation point equal to 0 and obtain, keeping their notation k =

and, as for a Student distribution (see e.g. [34]) we have for the absolute first moment E|§7| = \/7
™

. 2
Recalling that E[Y*] = L, we get for the fourth moment
(v—2)(v—4)

v—2\" . - v—2 v—1
ps = EB[(X — p)*] = E[o*Y?] = ¢* ~ ) E[Y?] = 3041/ — > accordingly, 14 — ot = 204V —
hence we obtain for the correlation, from (64),

. E[|Y|])] -0/c E[Y|?] - 6/c
Titm_ Cor(gna (p): ) = sgn(p — Fy (0)) x —ed L0 _ gy —1/2) x —— 120/
B Var([Y]) \/%(1— (0/0)?)
(v—1)(v-2)

=sgn(p — 1/2) x O

(v =3) /T — (v =24/

Proof of Proposition 23] This follows straightforward from Proposition [6] and Corollary [7] Starting from the
covariances (26) and (31) respectively, we simply note that, for a symmetric distribution, v = p and £ =
gy (3/4)0 and o = fy(FEE) — fy (“5) = fr(av(3/4) — fr(—av(3/4)) = 0, 8 = 2fv(av (3(4))
and E[Y I(_,cy<q)) = 0, E[Y?L_4cy<q)] = 2E[Y Ig<y<,] for any a € R. This gives us (69) and (71)
respectively.

Also, since for a symmetric distribution E[Y 3] = 0, the correlations in (70) and (72)) follow from 27), (]32[) respec-

tively. For completeness, we can state that for a symmetric distribution hm Var(v/n. fn) =

Afx(+8+ fxv=¢)*

E[Y4] — 1 E[Y4] — 1
and, as pig = 0, lim Var(qn,.6(p)) = o’ (1 + q%(p)[j) and lim Var(gn s (p)) = JQq%(p)%.D
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Proof of Example
(i) Gaussian distribution
+a .
By partial integration, for @ > 0, we can write 2/ 22e™ 2 dy = —2a¢(a) — 1 + 2®(a), which value

0
is —2071(3/4)p(®~1(3/4)) + 1/2 for a = ®~1(3/4). Thus,we obtain, from equations and (72),

tim_ Cov (Vi g () Vi) = o PO o i Cor(g, a(p). €)= sen(p—1/2) <230 (3/4)0(0(3/4)).

n—00 2 n—00

(ii) Student-t distribution
Here we need once again the formula for the truncated second moment. A correct derivation can be found

in [21]] where we have that for b > 0,
1 o s (W) Frs ()
Fy(b) —

b 2
&@—@vwﬂzﬁ@“:u—2 Fo(h)

b v [v—
&= [bZQf?(x)dxzv <u—2 <2FYV 5 (b > 2) —1) — (2Fy(b) — 1))

As shown in the proof of Example[I3]in (I53), it follows from [23] that we can write

Pa@QWﬁf>=&@—ﬁ@“fﬂﬁﬁ

b
hence, / 2 (w)de = 2 (2F5(b) — 2£;(0) b (1 +B2/) — 1)

b v—2

—9 .
Noticing that E[Y2||Y| < gy (3/4)] = —— E[V2||Y] < g5 (3/4)], we obtain
1%

E[Y?|Y] < qv(3/4)] = 1/2 = 2 fy (a7 (3/4)) a7 (3/4) (1 + 43 (3/4) /)
and thus, in total, following equations (71) and (72),
(p )qY(3/4)( a3 (3/4)/v)

2

f/( v (3/4)(1 + @(3/4)/1/)(19(3/4).

v—1
v—4

Tim Cov (Vi gus (), Viry) = 22

and li_}rn Cor(gn.s,En) = sgn(p — 1/2) x

Appendix C Proofs of Section {4

Proof (Example To show how we obtain the expressions in Example 27} we only need to focus on the quan-
tities with the sample ES.

Indeed, for the correlations including the sample VaR, i.e. with the sample variance ((84), (83)), the sample
MAD ((0), (@1)) or the sample MedianAD ((96), (97)) there is nothing to do as they are simply the asymptotic
correlation of the sample quantile with the sample variance (see @I)), @3)), the sample MAD (see @7), (50)) or
the sample MedianAD, respectively (see (50)).

The same remarks hold for the expectile estimator, as it is the sample quantile at level £~ (p) with x(a) being
defined in (8T)), which simplifies for location-scale distributions, as follows:

agy (o) — [ ) ydFy (y)
f2Jf;“’dey@»A—<14—mnqy<af

k(o) =
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This gives us, in the case of the Gaussian distribution (recall the first truncated moment (I39)),
p® 1 (p) + 4(®"(p))
20(®H(p)) = (1 = 2p)2~(p)

For the Student distribution (assumed to be with mean 0, and recalling the first truncated moment computed in

(T6T)), we obtain
knal®) = pay (p) + ;75 fy (ay () (1 + a3 (p) /v)
) = e las )L+ 2 (0)/v) — (1 2p)ag (p)

ES with Sample Variance or sample MAD - First, realise that for location-scale distributions we can rewrite
the asymptotic correlation of equation (82)) independently of their mean 1 and variance o2, analogously to Propo-

sition[T1]

Rnorm (p) =

. fl 7 (Y |,u)+(2—r)(2Fy (0)— l)Tl(Yu)du
lim Cor(ES, (p), m(X,n,r P fy (gy (v))

) = -
-~ V2Us J Sy dudv)y/Var (YT + (2 = 1) (2Fy (0) — 1)Y)
(162)

In a next step, we look separately at the sample variance (r = 2) and sample MAD (r = 1), each for the Gaussian
and Student distribution separately.

> ES with Sample Variance - Gaussian distribution. Recall from equation (0] the asymptotic covariance between
sample quantile and sample variance in the case of the Gaussian distribution (in this case of a standard normal

distribution with 0 = 1). Thus, the numerator of (I62) simplifies as f &~ (u)du, which we already solved by
change of variables before (truncated first moment, @))

1 e
[ @ = [ oty = o)

More work is needed for the computation of the double-integral in the denominator of (I62). We first consider the
inner integral, f 2@ (b ( ) du. Again, change of variable and partial integration give the following:

1—u e 0 ~
/v LU / (= B0 dy = 1B+ [pl(v@(y) (1) (o) 4o (163<)>>-

Thus, plugging this in, the double integral transforms to

Lot v(1 —u) wdy — — 111 > !(v) v 1@2 2 (v) 12
/p/vfy<qy<v>>fy<qy<u>)dd - / S 1) +/,, s@iw)y T2Vl U

We compute the two integrals of (I64) one after the other, again using change of variables and partial integration
(with ¢'(y) = —y¢(y)), obtaining:

Lo l(v) [ ) o 42
/p ”¢(<p1(u))d“—/bl(p§/‘1’(y>dy SV 2W)lg=1 ) / v 2 (y)dy
1 2 1 1 +oo
oY CW)le= ) §(y( WS- () + / 1(p)( y))dy
= PRI~ 5P D)@ ()~ 51 p)
1 ) @71(1)) B o) ) 7y2 . 0
and /p v (b(q)_l(v))dv[pl(p)y@ (y)dy = ( )|q>—1(p) A " (y)®(y)dy
1

= ST ) + 1RO~ [ 00 (#0) +10) dy

1 1

o0 o0 o0 1 o0
= §y2q’2( )i@—l(p) + yéf’(y)q’(y”@—l(p) - §‘p2(y)|<1>—1(p) + §¢2(y)|«1>—1(p)~
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Hence, putting this together gives

1 1 1 1

@68 = 52 () — 1) + 2 (D)@ (1))(5 —p) + 5 (1 —p) = 56* (27 (p)) (165)

and overall, for (T62) in the case of correlation with the sample variance (as E[Y*] = 3 for the Gaussian distribu-
tion, i.e. Var(Y?) = 2),

lim Cor(ES (p),02) = o(2"'(p)) .
o \/@*1(1’))2 (p—p?) — (@1 (p) + DL (p)d( 1 (p))(1 — 2p) + 1 —pV2

> ES with Sample Variance - Student distribution. The case of the Student distribution works analogously, but
needs in some details more care. Recall from equation (#2)) the asymptotic covariance between sample quantile
and sample variance in the case of the Student distribution with v > 3, thus the numerator of (T62) equals to:

/ Vo gy (W) (14 a3 (u) /v) du = V;2 (/OC( )yff/(y)derZl//_( )y?’ff/(y)dy> (166)

where the equality follows by change of variables. This first truncated moment was computed already in equa-
tion (I6T). For the third truncated moment we, again, use and simplify the formula provided in [21], which gives
us:

y ~ 2 -1 a3 (p)
E[Y?15 = 3f. N A Sy 24 (Y 14+ 5
Y X7 505 )] /q?(p) vy Wiy = o= frlar ) ( +ay(p)—; +=
giving us for (T66) (and hence the numerator of (162)):
v—2 1 v(v —2) 2
[ =/ —, / gy (w)(1 + g3 (u) /v)du = ,/(7_3 (1 +ai(0)/v)" fylag(p))-
P

We now turn to the double-integral in the denominator of (162), expressed as v-2 / / v(l = v) dudv

’ v Iy (ay () fy (g () "

The inner integral follows one-to-one from the Gaussian case above (as we already know the truncated first mo-

ment, see (T61)):
1—u +oo v
/ e / (1— Fyp () dy = —(1 - 0)gg (0) + —— folay @)1+ E (0)/v).  (167)
Y q

v (v) v—1

Plugging this in the double integral, transforms to

Gtk = lvv_ 4y (v) v v lv 2 (v)/v) dv
//fyq T gyl = [ =D+ 5 [ g an as

But, using change of variables, then partial integration and then the knowledge of the truncated second moment

(T33), we obtain:

! 2 dy (U) v — > 2 .
@ g = | R~ Frw)yay
1 2 fe%e] > 2 1 > 2
= v Fr W) Ey () = DI o) — /q?(psu fy W) Fy (y)dy + 2/(1?(1,3” fy (y)dy
1 v 2 v 2 2 v 2 * o,
=3 (V —5 +p (qy(p) i 2) — a7 ()P + o fy(ay (P))ag ()(1 + qu(p)/V)> - /q?(psu fy (W) Fy (y)dy

1 [e%s}
wd [ o= [ B h Wi
p
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hence, (T68) becomes:

1 v(2v —3) v v v
2<(V_2)(V_1) (@0 - 75 ) = (04 55 ) + 775 e o 0)as ) <1

)

So, we are left with the integral of (169). Again, using partial integration with the fact that the anti-derivative

/yfg,(y)dy = V%Vlfp(y)(l + 4% /v), we obtain

/ v fy (W) Fy (y)dy.
ay (p)
(169)

/oi 31/ *fo(y) Fy (y)dy = 7V1fy(y)(1+y2/V)yFy(y)\§‘;(p)+ﬁ i{y(y)(lw /v)(Fy(y) + yfy (y)dy

oo oo

(1+ y2/v) Fy () fy (v)dy + / y(1+ o2 /) 12 (y)dy

a5 (p)

v

= {pqy(p) (1+¢2(p)/v) f¢ (a5 (p)) +/

v—1

v (p)
(170)

2 -1 [v—2
Since we have (1 + y) Iy (y) = ﬁ Iy o (y V> (using the notation fy , introduced after
v viv — ’ v ’

(152)), we can write, proceeding again with partial integration,

/oo<1+y/u>fy<> cdy = =L [ (y ”)Fy(y)dy

v (p) V(v —2 qy(p) v
v—1 v—2 lv—92
= F‘~ F’~ o0 - d
v—2 { Y, v—2 (y v > Y(y) q{,(p) qY pr( ) Yz/ 2 (y v ) y}
(171)

Now we use the recurrence relation (T33)) for the distribution functions, to evaluate the integral in (T71)), namely

/q;p) fyWFy, o (14/7) dy = /q:p) fy () <F)~,(y) - % y(1+ yz/y)f?(y)) dy

1 1>
= 30K w - m/ y(L+y*/fiydy.  (172)

a5 (p)

But, by partial integration and with the expression of the antiderivative [y f;-(y) from above, we can write the

integral of (172)

/oo y(1+y°/v) f2(y)dy = —%(1 LW ) — /OO y(1+9*/v) 2 (y)dy,

v (P) v ()

which is equivalent to

[ s = 55 0+ 6)/9) 7y o) (173)

v (P)

Hence we obtain for (172)

L 70 @P) dy =501 5 g (a0 Flay o)

so that (T71)) becomes (using again the recurrence relation (1533))

/qoi(pl) + 92 /v) fy (y) Fy (y)dy = %Z — ; (1 +p° -2 Fp (qy(p)\/ - ; 2) + v _1/1)2 (1+ qg(p)/yf fé(qy(p))>

; Z — ; (1 -p*+ %pfm(p) (1+ a2 () /v) f3(a5 () + (1+2p)/v)" f%(w(zﬁ))
(174)

(-1
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Combining with (T73) in (T70) provides:

/‘X;y) Fr W Fy W)y = —=pay (p) (1 + 2 (0)/) Fy (a5 <>>+2iZ(l—p2+,/2_1’1q9<p><1+q§<p>/u)f?<qg<p>>)

g LR Rl ). (175)

Now we are ready to look at the final expression for the double integral as shown in (T68), using the results in

equations (I69) and (I73).

Lot v(1 — u)
|, [ 7oy
— s {1 ) (B Frlar ) - T (0 £ )
+p <VVQq§(p) -1- % ay(p) (L+q2(p)/v) f?(qy(p))) - VTJ;DQ q%(p)} (176)
Recalling, E[Y*] = 3222, see for the Student distribution (and hence Var(Y?) = 2%=1), we get overall

limy, ;o Cor(ES, (p),62) =

Ml od) fy<qy(p))(1+qy<p)/u)2

\/1+ ag @) (1+a2@)/v) fylay @) - 253 (1+ a2 w)/v) f%(q?(z’))JrP( = = 2= go ) (1+ a2 )/v) fylag ) — L5202 a2 (0)/2555
and we get back the expression for the Gaussian distribution for v — oco.

> ES with Sample MAD - Gaussian distribution. Recall that we computed asymptotic correlation and covariance
between the sample quantile and the sample MAD only for p > 0.5, as the case p < 0.5 can be deduced using
the point-symmetry around p = 0.5. For ES, this argument converts to a symmetry around the p = 0.5-axis when
integrating over the asymptotic covariance, i.e. for any p € (0, 1) we can write

[ i Con(viig, (u). Vb )du = [ tim Cov(vig, ). Vi)

Clearly, this symmetry does not hold for the double-integral in the denominator of (I62)). Thus, the asymptotic cor-
relation with the sample ES, in contrast to the one with the sample VaR, is not symmetric around p = 0.5. Never-
theless, for the ease of presentation, we will only consider the case p > 0.5. The only quantity we need to compute

1
1-— 2
of is the integral over the covariance, which comes back, via (46)), to evaluate / (1 - WIEL)) \/7 ) du.
» u 7r
Using (163)), we obtain

/pl (1 - Mﬂﬁ) du=(1-p) (1+ & ()/2/7) - 6(® (1)) V2/7.

Recalling the asymptotic variance of the sample MAD, (I38), and the solution of the double integral, (I63)), in the
Gaussian case, this gives overall:

o (1) (1+ 27" (p)y/2/7) — 6(@7 (p)v/2/
lim Cor(ES, (p),0,) =
nee VO(p)2(p — p?) — ¢(@71(p)2 + @~ 1(p)d(@~1(p))(1 — 2p) + 1 —py/1 = 2/7
> ES with Sample MAD - Student distribution. The remarks made in the Gaussian case hold also for the Student

distribution. We proceed analogously. Again, we first compute the integral in the numerator of the asympyotic
covariance given in (@8) (with o2 = 1):

. ov(v/ngn (), Vb, (v))du = (v — 1 ! q%(u) o (T) — “
/p nli}II;OC (Vngn(u), vnb, (u))du = ( 2)/10 <1/—1 <1+ v ) Vv T(5) fy(gy(u )))d
177)
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1 oo
Since by change of variables / qf; (u)du = / e [ (u)du, using the knowledge of the second truncated
ay (p

P )
moment, (I33)), for the first integral of (I77) and @ for the second integral, provides

1
/ nlem Cov(v/ngn (), vnbn (u))du
P

- ] {(V*2)(1 —p)+1-p+ fy (a7 (P)ay (p) (1+q§(p)/l/)}

v —

v—2 >
+%((1 Pas ()~ 5 By g )1+ G 0)/0))
3 (%) v -2 1 az (p) L% v—2)vw L5t v -2
=1+q5(p) Fé) 7= oo <1+ = >f{/(‘h"/(p)) <qf/(p)— Fé) )| r(ite® Fé) N

which gives us back the Gaussian case for ¥ — oo, recalling an asymptotic property of the Gamma function
. Iln+a)
lim ——=~
n—o00 F(n)na
of the sample MAD in the Student case, (I60), and the solution of the double integral, (T76), this gives overall
1

hm Cor(ES
\/ 1_ v=2L((v=1)/2)) 1)/2))2
T T'(v/2)?
r(%s

NC % (p) L) w=2)yw NC
L ay ) e 222+ 2 [ (14 52 et 00 (ar 0) - S 22 )| -0 (1050 S 522

= 1 that we need to use here with n = va and & = 1/2. Recalling the asymptotic variance

\/1 tap ) (1+a20)/v) Fiap®) — 252 (1+a20)/v) 120 @) +p (5262 0) —1- 222 400) (1402 (0)/v) Ty (a5 ) — 5202 ()

and we get back the expression for the Gaussian distribution for v — oco.

ES with Sample MedianAD - For the asymptotic correlation of the sample ES with the sample MedianAD, we
only need to compute the integral in the numerator, as the rest is known already.

Further, recall that for symmetric location-scale distributions we can rewrite the asymptotic correlation of equa-
tion (83) independently of their mean y and variance o2, and they simplify a lot analogously to Proposition

N 1 (1—u—2max (0,3/4—max (1/4,u)))du
lim Cor(ES, (p), ,En) — f Fy (ay (w))

n— oo v 1 u ’
\/2f Iy vty ctarray dudv

Also, as discussed in the case of the ES with the sample MAD, the asymptotic covariance with the ES and the
sample MedianAD is symmetric around the p = 0.5-axis, i.e., for any p € (0, 1), we can write

(178)

1 1
[ i Covtviga(u), vién)du= [ lim Cov(viig,(u), vy )du
p 1-p

But again, the asymptotic correlation with the sample ES is not symmetric around p = 0.5 because of the double-
integral in the denominator. Thus, as previously, for the ease of presentation, we will only consider the case
p > 0.5. For this, we split the covariance integral in the numerator as follows.

Introducing g(u) := 1 —u — 2max(3/4 — max(1/4,u),0), we can write, for any p > 0.5,

1 3/4 u—1/2 .
/ s 90 g = {fpl A+ foys it de i03/4>p21/2, (179)
Y

» Frlay oy 2 if p > 3/4.

In the following we need to compute both integrals of (I79). For this, we plug-in the explicit first moments in the
case of the Gaussian and Student distribution.

> ES with Sample MedianAD - Gaussian distribution. We have, via change of variables for the first integral and
usin (163)) for the second,
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@71
/3/4 u—il/Qdu = yd(y )| 1(3/4) 1 | 1(3/4) / G/ yb(y)dy
Oy (@7H(w) 2 e) o) ®-1(p)

_ i@*l(s/z;) —(p—1/2)27" (p) + ¢(271(3/4)) — H(® " (p))
L ) —1 -1
and /p Mdu =—(1-p) @ " (p) + (2 " (p),

giving, for (179),

/1 g(u) du = —0 ' (p)(p—1/2) +2¢(®71(3/4)) — (@~ (p)) if3/4>p>1/2,
fy —2 1 (p)(1 —p) + d(2*(p)) if p>3/4.

As the denominator of was computed in (T63)), we are done: For 1/2 < p < 3/4 we have,
-1 _ -1 (-1
i Cor(ES.0 21 (p)(p — 1/2) + 2601 (3/4)) ~ (2" ()
A \/ - —p?) + 21 (p)(21(p)) (3 — p) + 5(1 —p) — 36*(27(p))
and forp > 3/4

)

lim Cor(ES, (p — ' (p)(1 —p) + ("' (p) .
e \/ - —p?) + 2 (p)p(@L(p))(5 — p) + 5(1 —p) — 3642 1(p))

> ES with Sample MedianAD - Student distribution. Analogously, for the Student distribution, we can write, using
the expression of the anti-derative [y fy (y)dy = =% f¢ (y)(1 + y?/v) for the first integral,

3/4 3/4 ,, L _9 wo3/a) 1 ) ay (3/4)
_ ~ v L ap(8/4) ~
7 qY =2 / =/ <yFY<y>|q? A Y / yfs (v)dy

v ()

- ”;Z(imsm)(p1/2>qy<p>+u”_1[<1+ “””) a5 (3/4) - <1+ ()>fy( <>>D

and for the second integral:

l—u v—2 (1 1-u ) v % (p)
and /fy F/ fﬂqf,(u))d“:ﬁ(—ﬂ—p)qﬂp)m_l<1+ - )fmy(p))),

giving, for (T79),

[, - 1D ap ) + 2 (1+M> et 310 = 525 (14 57) ag o)) 3452172,
b ~1-Pay ) + (1+qy(p))fy(q17(10)))» itp > 3/4

fy (gy (u)) v
As the denominator of was computed in (T76), we are done: For 1/2 < p < 3/4, we have, lim Cor(ES,, (p),&,) =
n—oo

— GG/

2 ()
- <—(p—1/2)q,~,<p)+ 2v (1+ 4 )f?(q9<3/4>> - (1+ #)) fg/(qy(p)))

\/{1 +ap® (1+a20)/v) f5lay @) - (V,f:fﬁ (1+ Qf;(p)/l/)z 2 (ay () +p (452

1= 2= g0 p) (1+ a2 0)/v) fylag ) — 5 zqg(m}’
and for p > 3/4, nh_)néo Cor(ETén (p)»én) =
v—3 <,<1 —p)as ¥ <1+ m) fy(qy(p))>
\/{1 +ap ) (1 n q%(p)/l,) Fo (ag () — l(’u(i—lfg (1 Jrqf;(zo)/u)2 FZag @) +p (vf 2 1- 222 o (p) (1 + qu(:?)/l/) fy(q,—,@))) - 2 q%/(p)}‘
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Appendix D Miscellanea
D.1 Extensions of Theorem (1]

As mentioned in Subsection 2] there are different direct extensions of Theorem [I] (note that we could also
provide in the same way extensions of Proposition [3] [ [6). First, one can consider a more general function
h(z,y). Second, as in [8], we can look at the joint distribution of a vector of sample quantiles, instead of only
at one sample quantile. For this, denote by q (p) the m-vector of quantiles evaluated at p;,¢ = 1, ..., m, where
0<p1 <...<pm <1,andby q,(p) the corresponding m-vector of sample quantiles ¢, (p;),? = 1, ..., m. And,
one can also combine the two ideas and look at more general functions applied on a vector of sample quantiles:

Theorem 29 Consider an iid sample with parent rv X having mean p, variance o2. Further, consider a function
hl(xh ooy Ty y)
h: R™HL s R™HL e h(zy, .y, y) = with continuous real-valued components
hm+1 (1‘1, cees Tmys y)
hi(x1, ..., Tm,y),4 = 1,...,m, and existing partial derivatives denoted by O;h;,i,j € {1,...,m + 1}. Assume
conditions (C1), (C3) in each neighbourhood of qx (pi),i = 1, ..., m, and (M,.) forr = 1,2 respectlvely as well
as (Co) at p for r = 1. Then, the joint behaviour of the functional h of the sample quantzle vector q,,(p) and of
the measure of dispersion (X, n,r) (defined in Table is asymptotically normal:

n— oo

Jih (m(qX(I?,z) r)) iy ( TZ&(”%) Ly N0, J(h))S J(h)Y), (180)

where the asymptotic covariance matrix $"™7) of dimension (m + 1) x (m + 1) can be written as

»(m) s(m,r)
s(mr) / ) (181)
s(m,r)’  Var ((|X — "+ (2= ) (2Fx () — 1)X)
with Z( - E;T) = fx(qx(p;;,()l)fi(zzx Gy fori.g € {1, ...,m} and the i-th element of s(m,r) being
(I X= “"p’)ﬁf(q;)((if;;‘ W=V ) =1, . m where 1, is defined in @), J(h(v)) is the Jacobian matrix of h(v),

and we denote with a ’ the transpose of a vector.

As a corollary of the theorem, we can state how the result explicitly looks like if we go back to the one-dimensional
sample quantile case (with a general function h(z,y)).

Corollary 30 Consider an iid sample with parent rv X having mean p, variance o and a function h(x,y) =

(hl (.’L‘, y)
ha(,y)
by 0; h]7 ,j € {1, 2}. Assume conditions (C1), (Cs) in a neighbourhood of qx (p), (M) for r = 1,2 respectively,
as well as (C2) at p for r = 1. Then, the joint behaviour of the functional h of the sample quantile q,(p) (for
p € (0,1)) and of the measure of dispersion (X, n,r) (defined in Tablell)) is asymptotically normal:

i (afnn) (i) i 02

where the asymptotic covariance matrix nhr) = (E(h’r) 1 < 4,75 < 2) satisfies, denoting by abuse of notation,
hy = ha(ax (), m(X, 7)), and hy = ha(gx (p), m(X, 7)),

> with continuous real-valued components hy(x,y), ha(x,y) and existing partial derivatives denoted

S = Var(ga (p) (O1h1)? + 201h192h1 Cov(gn(p), (X, n, 7)) + Var(m(X,n,r)) (9:2h1)%;
S0 = Var(m(X,n, 7)) (02h2)? + 201hadshs Cov(qn(p), (X, n, 7)) + Var(ga(p)) (91h2)?;

2 = 2 = Cov(gn (p), M(X, 1, 7)) (O1hyOohy + D3h101hs) + Var(gn(p)) d1had1ha + Var(i(X, n, r)) dhidaho,
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with

_pi=p) ar(m(X,n,r) = Var(|X — p|" —r -
(X —plip) + 2 - r)2Fx(p) —D1a(p)

Cov(gn(p), (X, n,7)) =

Ix(ax(p))

The asymptotic correlation between the functional h of the measure of dispersion and the sample quantile can be
deduced from the above expressions. In the special case of having Oxhy1 = 01he = 0, it is identical -up to its sign
(and apart of the case that sgn(01h102hs) = 0) - whatever the choice of h (under that restriction):

Jim Cor (h (gn(p), (X, n,7))) = X fjvi(T )f_ﬂiﬁ(f)p) S

X sgn(81 hlaghg).

D.2 Tables of Finite Sample Size Simulation Study

For the Appendix to be self-contained, we present the procedure already explained in Subsection [2.4] again:

To assess the finite sample performance, we conduct a simulation study in the following way: We simulate an iid
sample with mean p = O of varying size N. The overall sample size is determined by the fact that we use different
sample sizes n for the estimation of either the quantile or the dispersion measure, with n = 126,252, 504, 1008
(being multiples or fractions of one year of data, i.e. 252 data points), and different lengths of time-series [
which we use to compute the sample correlation, [ = 10, 25, 50, 100, 250, 500. In each of the cases, the overall
sample size needed is N = nl. We compute the time series of quantile estimates ¢, (p) on disjoint samples
for quantiles of order p = 0.95 and p = 0.99 each, and accordingly the time series of measure of dispersion
estimates Di,m too. Thus, gy, ; is either the sample quantile time series g, ; or the location-scale quantile time
series with known = 0 gy ¢, ﬁlnt can be either the sample standard deviation, the sample MAD, or the

sample MedianAD. Recalling the correlation of interest, Cor (q)m (p), Dm’t) , we then estimate the linear Pearson

correlation using these two time series of [ estimates. This procedure is repeated 1’000-fold in each case. Then,
we report in Tables the averages of the 1’000-fold repetition with, in brackets, the corresponding
empirical 95% confidence interval values. Further, we provide the theoretical asymptotic value in the last column.
Also, we provide confidence intervals for the sample Pearson linear correlation coefficient (using the classical
variance-stabilizing Fisher transform of the correlation coefficient for a bivariate normal distribution to compute
the confidence intervals -see the original paper [18]] or e.g. a standard encyclopedia entry [37]). Note, that those
confidence interval values have to be considered with care. Recall that the bivariate normality of our quantile
estimator and measure of dispersion estimator holds asymptotically. Hence, it is not clear if for the sample sizes n
considered we can assume bivariate normality (this could be tested). Still, we provide those theoretical confidence
intervals as approximate guidance.

We consider iid samples coming from three different distributions: A Gaussian distribution and two Student
distributions with 3 and 5 degrees of freedom, respectively. Recall, the explicit expressions of the asymptotic
correlation used to calculate the theoretical values in the tables are presented in Section [3] Also, note that the
specification of i, o2 is not needed as the correlation results for location-scale distributions are independent of its
parameter (again, see Section [3).

We also recall that when working with the sample standard deviation, the existence of the fourth moment is a
condition we require, as well as when working with the location-scale quantile. Thus, as they do not exist for a
Student distribution with 3 degrees of freedom, we simply write ‘NA’ as theoretical value instead.
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Table 10: Average values from a 1°000-fold repetition. Comparing the correlation of the measure of dispersion
estimator with two different quantile estimators each, as a function of both, the sample size on which the quantile is
estimated n and the length of the time-series [/ used to estimate the correlation. Underlying samples are simulated
from a Gaussian distribution. Average empirical values are written first (with empirical 95% confidence interval
in brackets). The corresponding theoretical values, mean and 95% confidence interval, are provided in the last
column. We consider two thresholds p = 0.95, 0.99. The upper part of the table considers the sample variance as
measure of dispersion estimator, the middle part the sample MAD and the lower part the sample MedianAD.

n=126 n=252 n=504 n=1008 theoretical values
Cor (67, dn) an n.5 an n.s an n,o n In,o an In,s
p=0.95
10 52 (-9,88) 100 (100,100) 52 (-11,89) 100 (100,100) 54 (-7,89) 100 (100,100) 53 (-5,89) 100 (100,100) 55(-12,88)  100(100,100)
25 54(22,79) 100 (100,100) 54(23,79) 100 (100,100) 55(24,79) 100 (100,100) 54(22,78) 100 (100,100) 55(20,78)  100(100,100)
50 55(33,71) 100 (100,100) 55(34,73) 100 (100,100) 55(34,73) 100 (100,100) 55(34,71) 100 (100,100) 55(32,72)  100(100,100)
100 56 (41,68) 100 (100,100) 55 (41,67) 100 (100,100) 55 (41,68) 100 (100,100) 55 (40,67) 100 (100,100) 55 (40,67)  100(100,100)
250 56 (46,64) 100 (100,100) 55 (46,63) 100 (100,100) 55 (46,63) 100 (100,100) 55 (46,63) 100 (100,100) 55 (46,63)  100(100,100)
500 56 (49,61) 100 (100,100) 55(49,61) 100 (100,100) 55(49,61) 100 (100,100) 55(49,61) 100 (100,100) 55(49,61)  100(100,100)
p=0.99
10 44 (-20,87) 100 (100,100) 42 (-22,83) 100 (100,100) 44 (-18,85) 100 (100,100) 42 (-20,86) 100 (100,100) 44 (-26,84) 100 (100,100)
25 47 (10,75) 100 (100,100) 43(5,72) 100 (100,100) 44 (9,71) 100 (100,100) 44 (6,71) 100 (100,100) 44 (6,71) 100 (100,100)
50 47 (21,67) 100 (100,100) 44 (19,64) 100 (100,100) 45(20,65) 100 (100,100) 44 (21,64) 100 (100,100) 44 (18,64) 100 (100,100)
100 47 (31,61) 100 (100,100) 44 (28,60) 100 (100,100) 45 (28,59) 100 (100,100) 44 (27,59) 100 (100,100) 44 (27,59) 100 (100,100)
250 47 (37,57) 100 (100,100) 45 (35,54) 100 (100,100) 45 (35,55) 100 (100,100) 44 (35,54) 100 (100,100) 44 (33,54) 100 (100,100)
500 47 (40,54) 100 (100,100) 45 (38,52) 100 (100,100) 45 (38,52) 100 (100,100) 45 (37,52) 100 (100,100) 44 (37,51) 100 (100,100)
n=126 n=252 n=504 n=1008 theoretical values
Cor(0n, gn) qn Un,s qn Un,s qn Un,s qn Qn,s qn Un,s
p=0.95
10 45 (-21,87) 93 (78,99) 44 (-16,84) 93 (77,99) 47 (-18,86) 93 (76,99) 47 (-17,86) 93 (81,98) 48(-21,85)  94(75,99)
25 47 (13,75) 93 (86,97) 47 (16,73) 94 (87,97) 48 (11,75) 93 (86,97) 48 (13,74) 93 (86,97) 48(11,74)  94(86,97)
50 48 (26,66) 94 (89,96) 48 (26,69) 94 (89,96) 48 (25,69) 94 (90,96) 48 (26,66) 94 (89,96) 48(23,67) 94(89,96)
100 49 (32,62) 94 (91,96) 48 (33,62) 94 (91,96) 48 (33,62) 94 (91,96) 48 (31,62) 94 (91,96) 48(31,62) 94(91,96)
250 49 (39,58) 94 (92,95) 48 (39,58) 94 (92,95) 48 (39,58) 94 (92,95) 48 (39,57) 94 (92,95) 48(38,57) 94(92,95)
500 49 (42,55) 94 (93,95) 48 (41,55) 94 (92,95) 48 (41,55) 94 (92,95) 48 (42,55) 94 (92,95) 48(41,45) 94(92,95)
p=0.99
10 32 (-37,81) 93 (78,99) 29 (-39,78) 93 (77,99) 32 (-30,79) 93 (76,99) 30 (-36,80) 93 (81,98) 31(-40,79) 94(75,99)
25 34 (-3,66) 93 (86,97) 30 (-11,64) 94 (87,97) 32 (-8,65) 93(86,97) 31(-7,63) 93(86,97) 31(-10,63) 94(86,97)
50 34(8,57) 94 (89,96) 31(5,55) 94 (89,96) 32(5,56) 94 (90,96) 31(3,54) 94 (89,96) 31(4,54)  94(89,96)
100 34 (17,51) 94 (91,96) 32 (14,50) 94 (91,96) 32 (14,49) 94 (91,96) 31(13,48) 94 (91,96) 31(12,48)  94(91,96)
250 34 (22,45) 94 (92,95) 32 (21,42) 94 (92,95) 32(22,44) 94 (92,95) 32 (21,42) 94 (92,95) 31(19,42)  94(92,95)
500 34(26,41) 94 (93,95) 32 (24,40) 94 (92,95) 32 (25,40) 94 (92,95) 32(24,39) 94 (92,95) 31(23,39)  94(92,95)
n=126 n=252 n=504 n=1008 theoretical values
Cor(fnv QH) dn Adn,& dn Adn,& Adn Adn,s dn dn,& dn Adn,s
p=0.95
10 21 (-48,75) 59 (5,90) 20 (-42,73) 58 (3,90) 22 (-46,73) 58 (-4,91) 24 (-42,78) 60 (2,90) 23(-47,75)  61(-4,89)
25 22 (-18,60) 60 (29,81) 23 (-14,57) 60 (31,81) 23 (-18,60) 60 (28,82) 22 (-18,57) 60 (27,81) 23(-18,57) 61(28,81)
50 23 (-4,48) 61 (42,76) 23 (-3,48) 60 (40,76) 23 (-4,49) 61 (41,76) 23 (-4,45) 60 (39,76) 23(-5,48) 61(39,76)
100 24 (6,41) 61 (48,72) 23 (4,41) 61 (47,72) 23 (5,43) 61 (47,72) 23 (4,41) 60(47,72) 23(3,41) 61(47,72)
250 24 (12,35) 61 (53,68) 23 (11,35) 61 (53,68) 23 (11,35) 61(52,67) 23 (11,34) 61 (52,68) 23(11,34)  61(52,68)
500 24 (15,32) 61 (55,66) 23 (15,32) 61 (55,66) 23 (15,32) 61 (55,66) 23 (15,32) 61 (55,66) 23(14,31) 61(55,66)
p=0.99
10 11 (-56,72) 59 (5,90) 8(-57,69) 58 (3,90) 11(-51,68) 58 (-4,91) 10 (-55,68) 60 (2,90) 10(-56,69) 61(-4,89)
25 12 (-30,49) 60 (29,81) 10 (-30,47) 60 (31,81) 11(-29,49) 60 (28.,82) 10 (-29,46) 60 (27,81) 10(-31,48) 61(28,81)
50 12 (-16,38) 61 (42,76) 10 (-18,37) 60 (40,76) 11(-16,37) 61 (41,76) 10 (-19,37) 60 (39,76) 10(-18,37) 61(39,76)
100 12 (-8,30) 61 (48,72) 10 (-8,29) 61 (47,72) 11(-9,29) 61 (47,72) 10 (-10,29) 60 (47,72) 10(-10,29) 61(47,72)
250 12 (-2,23) 61 (53,68) 10 (-2,22) 61 (53,68) 11 (-2,24) 61 (52,67) 10 (-2,22) 61 (52,68) 10(-2,22) 61(52,68)
500 12 (3,19) 61 (55,66) 10(2,19) 61 (55,66) 11(2,19) 61 (55,66) 11(2,19) 61 (55,66) 10(1,19)  61(55,66)

88



Table 11: Average values from a 1°000-fold repetition. Comparing the correlation of the measure of dispersion
estimator with two different quantile estimators each, as a function of both, the sample size on which the quantile is
estimated n and the length of the time-series [/ used to estimate the correlation. Underlying samples are simulated
from a Student distribution with 5 degrees of freedom. Average empirical values are written first (with empirical
95% confidence interval in brackets). The corresponding theoretical values, mean and 95% confidence interval,
are provided in the last column. We consider two thresholds p = 0.95, 0.99. The upper part of the table considers
the sample variance as measure of dispersion estimator, the middle part the sample MAD and the lower part the

sample MedianAD.
n=126 n=252 n=504 n=1008 theoretical values
Cor (62, 4n) n In,s n In,o n In,o n In,s n In,o
p=0.95
10 43 (-20,87) 100 (100,100) 41 (-24,85) 100 (100,100) 41 (-23,83) 100 (100,100) 40 (-25,83) 100 (100,100) 38(-33,81) 100 (100,100)
25 42 (0,74) 100 (99,100) 42 (4,72) 100 (100,100) 41 (3,72) 100 (100,100) 40 (3,70) 100 (100,100) 38(-2,67) 100 (100,100)
50 42 (14,67) 100 (99,100) 42 (16,64) 100 (99,100) 41 (13,65) 100 (100,100) 40 (12,63) 100 (100,100) 38(11,59) 100 (100,100)
100 42(21,59) 100 (98,100) 42(22,59) 100 (99,100) 40 (20,57) 100 (99,100) 40 (20,56) 100 (100,100) 38(20,53) 100 (100,100)
250 42 (24,54) 99 (97,100) 41 (25,52) 100 (98,100) 40 (26,51) 100 (99,100) 40 (26,50) 100 (100,100) 38(27,48) 100 (100,100)
500 41 (26,51) 99 (96,100) 41 (28,49) 100 (98,100) 40 (28,49) 100 (99,100) 39 (29,48) 100 (99,100) 38(30,45) 100 (100,100)
p=0.99
10 52 (-14,89) 100 (100,100) 49 (-17,89) 100 (100,100) 47 (-19,87) 100 (100,100) 46 (-21,86) 100 (100,100) 43(-28,83) 100 (100,100)
25 51(11,81) 100 (99,100) 49 (9,79) 100 (100,100) 47 (8,75) 100 (100,100) 46 (9,75) 100 (100,100) 43(4,70) 100 (100,100)
50 51(19,75) 100 (99,100) 49 (19,71) 100 (99,100) 47 (19,68) 100 (100,100) 46 (20,67) 100 (100,100) 43(17,63) 100 (100,100)
100 51(26,69) 100 (98,100) 48 (27,66) 100 (99,100) 47 (25,63) 100 (99,100) 45 (26,61) 100 (100,100) 43(25,57) 100 (100,100)
250 50 (31,64) 99 (97,100) 48 (32,60) 100 (98,100) 46 (31,57) 100 (99,100) 45 (31,56) 100 (100,100) 43(32,52) 100 (100,100)
500 50 (34,60) 99 (96,100) 47 (34,56) 100 (98,100) 46 (34,54) 100 (99,100) 45(35,53) 100 (99,100) 43(35,50) 100 (100,100)
n=126 n=252 n=504 n=1008 theoretical values
éa"(é'ru qn) dn dn,& dn dn,s dn dn,s dn dn,s dn Adn,&
p=0.95
10 48 (-11,86) 86 (58,98) 48 (-16,87) 84 (49,97) 49 (-12,85) 83 (47,97) 49 (-11,86) 82 (46,97) 51(-18,86) 77(27,94)
25 49 (13,75) 87 (70,95) 50 (16,76) 85 (67,95) 50 (16,77) 83 (62,94) 50(17,75) 82 (60,93) 51(14,75)  77(53,89)
50 50 (27,71) 86 (73,93) 50 (27,69) 84 (70,92) 50 (27,70) 83 (67,92) 51(27,69) 82 (6491) 51(27,69) 77(62,86)
100 51(35,65) 86(76,91) 51(35,65) 84(72,90) 51(35,64) 82(69,90) 51(36,64) 81 (69,89) 51(35,64) 77(67,84)
250 51 (42,60) 85 (77,90) 51(42,59) 84(74,89) 51(41,59) 82(73,88) 51(41,59) 81(70,87) 51(41,60)  77(71,81)
500 51(45,58) 85(79,89) 51(44,57) 83 (76,87) 51(44,57) 82 (74,86) 51(44,57) 81 (73,85) 51(44,57)  77(73,80)
p=0.99
10 41 (-27,84) 86 (58,98) 40 (-32,84) 84 (49,97) 41 (-19,84) 83 (47,97) 39 (-28,84) 82 (46,97) 40(-30,82) 77(27,94)
25 42(5,72) 87 (70,95) 41 (-2,73) 85 (67,95) 41(3,70) 83 (62,94) 41(5,69) 82 (60,93) 40(1,69)  77(53,89)
50 42 (16,65) 86 (73,93) 41 (13,64) 84 (70,92) 41 (17,62) 83 (67,92) 41 (15,62) 82 (64,91) 40(14,61)  77(62,36)
100 43 (24,59) 86(76,91) 40 (23,56) 84 (72,90) 41 (25,57) 82 (69,90) 40 (23,55) 81 (69,89) 40(22,55) 77(67,84)
250 42 (31,52) 85(77,90) 40 (30,51) 84 (74,89) 41(30,52) 82(73,88) 41 (30,50) 81 (70,87) 40(29,50) 77(71,81)
500 42 (34,49) 85(79,89) 40 (33,47) 83 (76,87) 41 (34,48) 82(74,86) 41 (34,47) 81(73,85) 40(33,47) 77(73,30)
n=126 n=252 n=504 n=1008 theoretical values
Cor(én, dn) an .o an Gn,6 an In,6 n In,o n In,6
p=0.95
10 23 (-46,77) 38 (-33,83) 21 (-45,76) 36 (-30,81) 23 (-47,77) 34 (-36,82) 22 (-49,77) 33 (-38,82) 23(-47,75) 32(-39,79)
25 23 (-19,57) 38 (-3,71) 22 (-19,56) 36 (-3,69) 22 (-20,57) 35 (-4,67) 23 (-17,56) 34 (-5,66) 23(-18,57)  32(-9,63)
50 23 (-6,50) 38 (8,62) 23 (-6,47) 36 (7,59) 23 (-6,47)  35(7,58) 23 (-6,48) 34 (7,58) 23(-5,48)  32(4,55)
100 23 (2,41) 38 (17,54) 23 (4,40) 36 (15,52) 23 (3,41) 35(16,52) 23 (4,40) 34 (14,51) 23(3,41) 32(13,49)
250 23 (12,35) 37 (23,43) 23 (12,34) 36 (23.47) 23 (11,34) 35 (23,46) 23 (12,35) 34 (22,45) 23(11,34)  32(20,43)
500 24 (15,32) 37 (27.45) 23 (15,31) 36 (27.44) 23 (14,31) 35(26,43) 23 (15,31) 34 (24,42) 23(14,31)  32(24,40)
p=0.99
10 11 (-55,71) 38(-33,83) 11 (-56,69) 36 (-30,81) 12 (-49,69) 34 (-36,82) 10 (-54,68) 33 (-38,82) 10(-56,69) 32(-39,79)
25 12 (-32,52) 38 (-3,71) 11(-33,49) 36 (-3,69) 10 (-29,48) 35 (-4,67) 10 (-29,49) 34 (-5,66) 10(-31,48)  32(-9,63)
50 11(-19,40) 38 (8,62) 10 (-19,38) 36 (7,59) 10 (-17,37)  35(7,58) 10 (-16,38) 34 (7,58) 10(-18,37)  32(4,55)
100 11(-10,31) 38(17,54) 10 (-10,28) 36 (15,52) 11(-8,29) 35(16,52) 10(-9,29) 34 (14,51) 10(-10,29) 32(13,49)
250 11(-2,23)  37(23.48) 10 (-2,22) 36 (23,47) 10 (-2,22) 35 (23,46) 10 (-2,23) 34 (22,45) 10(-2,22)  32(20,43)
500 11 (2,20) 37 (27,45) 10 (2,18) 36 (27,44) 10 (2,19) 35 (26,43) 10 (2,19) 34 (24,42) 10(1,19) 32(24,40)
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Table 12: Average values from a 1°000-fold repetition. Comparing the correlation of the measure of dispersion
estimator with two different quantile estimators each, as a function of both, the sample size on which the quantile is
estimated n and the length of the time-series [/ used to estimate the correlation. Underlying samples are simulated
from a Student distribution with 3 degrees of freedom. Average empirical values are written first (with empirical
95% confidence interval in brackets). The corresponding theoretical values, mean and 95% confidence interval,
are provided in the last column (if inexistent, we write ‘NA’). We consider two thresholds p = 0.95,0.99. The
upper part of the table considers the sample variance as measure of dispersion estimator, the middle part the sample
MAD and the lower part the sample MedianAD.

n=126 n=252 n=504 n=1008 theoretical values

Cor(57,, 4n) n In,s n n,s n In,5 n In,5 n n,5
p=0.95

10 31(-32,82) 100 (99,100) 27 (-40,80) 100 (99,100) 22 (-43,77) 100 (100,100) 21 (-45,74) 100 (100,100) NA NA

25 28 (-15,68) 99 (98,100) 24 (-18,64) 99 (99,100) 21 (-19,56) 100 (99,100) 19 (-24,56) 100 (99,100) NA NA

50 25 (-8,55) 99 (97,100) 22 (-9,52) 99 (98,100) 19 (-9,47) 99 (98,100) 17 (-14,44) 100 (99,100) NA NA

100 23 (-2,47) 98 (96,100) 20 (-4,42) 99 (97,100) 17 (-5,38) 99 (97,100) 15 (-7,37) 99 (98,100) NA NA

250 20 (0,37) 97 (94,99) 17 (-1,34) 97 (94,99) 15 (-2,31) 98 (96,100) 13 (-4,28) 98 (96,100) NA NA

500 18 (2,31) 95 (91,99) 16 (1,29) 96 (92,99) 13 (0,26) 97 (93,99) 12 (-1,23) 98 (94,99) NA NA
p=0.99

10 45 (-27,93) 100 (99,100) 42 (-32,88) 100 (99,100) 35 (-33,84) 100 (100,100) 31(-35,82) 100 (100,100) NA NA

25 43 (-2,82) 99 (98,100) 38 (-7,77) 99 (99,100) 31 (-14,70) 100 (99,100) 28 (-16,67) 100 (99,100) NA NA

50 40 (-1,76) 99 (97,100) 35(0,70) 99 (98,100) 29 (-5,59) 99 (98,100) 26 (-7,57) 100 (99,100) NA NA

100 37 (4,69) 98 (96,100) 32(2,59) 99 (97,100) 27 (0,50) 99 (97,100) 24 (-1,47) 99 (98,100) NA NA

250 33 (6,60) 97 (94,99) 28 (4,50) 97 (94,99) 23 (2,43) 98 (96,100) 20 (1,38) 98 (96,100) NA NA

500 30(6,52)  95(91,99) 26(544) 96 (92,99) 21(1,37)  97(93,99) 18(1,33) 98 (94,99) NA NA

n=126 n=252 n=504 n=1008 theoretical values

Cor(0n, Gn) an n,s qn Un,s qn Un,s qn Un,s qn dn.6
p=0.95

10 47 (-17,87) 84 (53,97) 45 (-19,87) 81 (46,97) 45 (-20,86) 77 (35,96) 45 (-26,87) 73 (29,95) 48(-22,85) NA

25 48 (10,76) 84 (66,95) 47 (10,74) 80 (57,92) 46 (8,73) 76 (53,91) 47 (13,75) 71 (44,89) 48(10,73) NA

50 48 (21,68) 83 (70,92) 47 (23,67) 78 (64,89) 47 (20,68) 74 (56,87) 47 (23,67) 70 (49,84) 48(23,67) NA

100 48 (29,62) 82 (73,90) 48 (30,62) 77 (66,87) 47 (29,62) 73 (60,83) 47 (31,61) 68 (53,80) 48(31,61) NA

250 48 (33,57) 81 (76,87) 47 (35,57) 76 (69,83) 47 (37,57) 71(63,79) 47 (36,57) 66 (56,76) 48(37,57) NA

500 47 (37,55) 81 (77,86) 48 (38,55) 76 (70,82) 47 (39,55) 70 (64,77) 47 (40,54) 65 (57,72) 48(41,54) NA
p=0.99

10 45 (-19,87) 84 (53,97) 43 (-19,85) 81 (46,97) 43 (-19,86) 77 (35,96) 44 (-23,85) 73 (29,95) 44(-26,84) NA

25 46 (11,76) 84 (66,95) 44 (5774) 80 (57,92) 44(6,73) 76 (53,91) 45(9,71) 71 (44,89) 44(6,71) NA

50 46 (20,70) 83 (70,92) 45 (20,67) 78 (64,89) 45(19,65) 74 (56,87) 45 (20,65) 70 (49,84) 44(19,64) NA

100 46 (27,64) 82 (73,90) 45 (27,61) 77 (66,87) 45 (28,59) 73 (60,83) 44 (27,59) 68 (53,80) 44(27,59) NA

250 46 (34,58) 81 (76,87) 45 (32,55) 76 (69,83) 45 (34,55) 71 (63,79) 45 (35,54) 66 (56,76) 44(34,54) NA

500 46 (36,55) 81 (77,86) 45 (36,53) 76 (70,82) 45 (37,52) 70 (64,77) 45(37,52) 65 (57,72) 44(37,51) NA

n=126 n=252 n=504 n=1008 theoretical values

Cor(&n, dn) an In,o an In,s an In,s In an,s an In,s
p=0.95

10 22 (-48,76) 22 (-49,78) 20 (-51,75) 18 (-52,74) 21 (-46,76) 16 (-53,73) 21 (-42,74) 13 (-53,74) 23(-47,75) NA

25 23 (-15,58) 21 (-20,59) 22 (-21,59) 18 (-27,55) 21(-20,58) 15 (-25,52) 22 (-20,57) 13 (-29,52) 23(-18,57) NA

50 23 (-4,49) 21 (-947) 22 (-7,48) 17 (-14,45) 22 (-747) 15(-13,41) 23 (-7,49) 12 (-20,39) 23(-5,48) NA

100 23 (4,41) 20 (-2,40) 22(2,40) 16 (-7,36) 23 (2,40) 14 (-8,34) 23 (2,41) 11(-10,32) 23(341) NA

250 23(11,35) 18 (4,31) 23(10,34)  15(1,28) 23(10,34) 13 (-2,27) 23 (11,34) 11 (-3,25) 23(11,34) NA

500 23(1431)  18(7,28) 23(1431) 15 (4,25) 23 (1431)  13(1,23) 23(1531)  11(0,20) 23(14,31) NA
p=0.99

10 11 (-53,71) 22 (-49,78) 7 (-58,71) 18 (-52,74) 9 (-58,74) 16 (-53,73) 9 (-59,70) 13 (-53,74) 10(-56,69) NA

25 10 (-29,51) 21 (-20,59) 9(-31,48) 18(-27,55) 10 (-32,47) 15 (-25,52) 10 (-29,48) 13 (-29,52) 10(-31,48) NA

50 10 (-19,38) 21 (-9,47) 9 (-20,35) 17 (-14,45) 10 (-20,39) 15 (-13,41) 10 (-19,38) 12 (-20,39) 10(-18,37) NA

100 10 (-11,30) 20 (-2,40) 9(-11,28) 16 (-7,36) 10 (-10,31) 14 (-8,34) 10(-9,29) 11(-10,32) 10(-10,29) NA

250 10(-2,22) 18 (4,31) 9(-321)  15(1,28) 10(-3,22) 13 (-2,27) 10(-2,22)  11(-3,25) 10(-2,22) NA

500 10 (1,19) 18 (7,28) 9(0,18) 15 (4,25) 10 (1,19) 13 (1,23) 10 (2,19) 11 (0,20) 10(1,19) NA
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