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Abstract. One of the most noticeable features of sign-based statistical procedures is an
opportunity to build an exact test for simple hypothesis testing of parameters in a regression
model. In this article, we expanded a sing-based approach to the nonlinear case with dependent
noise. The examined model is a multi-quantile regression, which makes it possible to test
hypothesis not only of regression parameters, but of noise parameters as well.

1. Introduction
Sign-based statistical procedures [1-4] are known to be more robust for outliers than the least squares
and to have a possibility to control a precise significance level for finite samples when testing a simple
hypothesis. In this paper, the sign-based approach is extended to the case of a non-linear model with
dependent noise. Thus, the model of a multi-quantile regression is considered [5, 6], which allows one
to test hypotheses both of the parameters of the regression function, and the parameters of stationary
Markov noise &.

According to the sign-based approach, the residuals are substituted with indicators of their

belonging to interquantile intervals S =(§,..., 31), where § takes a finite number of values. The
unknown parameters in this scheme are v = (@, i/,Q")', where vector Q contains linearly independent
r-dimensional joint probabilities of the states of indicators {St} generated by the process. Since the

problem is considered in a nonparametric setting, each fixed values of parameters # and Q correspond
to a class of finite-dimensional distributions of initial process &. However, we can show that for any
continuous parameterization of finite-dimensional distributions, all the derivatives of the likelihood of
indicators P(S|v) are expressed in the same way. In the problem of testing simple hypothesis
H,:0 =v,, it gives the opportunity to build a test based on the principle of the maximal likelihood
ratio.

In this paper, we consider the problem of calculating the critical values to provide the desired
significance level with any accuracy for finite samples, as well as the critical values based on the
asymptotic distribution of the test statistic.

The obtained tests can be used as a basis for estimating parameters ¥ by the principle of
maximal p-values [7], as well as for the development of tests for the linear hypothesis.

2. Problem statement
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Let us consider a non-linear regression model with dependent noise:

% =09(6)+&. t=1n (1)
In this model, g,(8) is a continuously differentiable function of parameters 0=(01,...,6!r)' ORT.
Noise &, is an (r-1)-order stationary Markov process. One-dimensional distribution functions
P{&, <x} are unknown and not necessarily equal for different t, but they have several coinciding
quantiles with the same level.

Let a finite set of intervals C, (4).....C, () be a partition of R', P{¢, OC, (u)} = p., k=LK,
probabilities py are known. Parameters [l determine the width of the interquantile range and specify the
scale of one-dimensional noise distribution. Boundaries of intervals C, ( /.1) =<Ck_1 ( /1), G ( ,u)> (here,
an angle bracket means either open or closed) depend linearly on unknown parameters [ and
c(M)=a +du, k =1,K-1, c,(#)=-c, ¢ (u)=+eo. Under these circumstances, a and dy are

fixed and valid parameters forming a set of {,u: (d, —d,, ) u+(a—a_)>0, k=2,K- 1} .

On this occasion, the most interesting cases are the simplest ones: a symmetric two-quantile and
three-quantile regression, when there is only one parameter [\ and it is equal to the half of the
interquantile range. For two-quantile regression K=3, ¢, ( ,u) =—-M, C, ( /.1) =H, p=ps=p, p.=1-2p. For
three-quantile regression K=4, ¢, (/.l)z—u, CZ(/J):O, C3(/.1):|1, Pi=ps=p, P=pP;=(1-2p)/2.
Moreover, the one-quantile regression also fits the same model. In this case, parameters [l are absent,

K=2, and c¢,()=0, p;=p, p=1-p. In all these 3 models, probability p is given.
Let us introduce the following notation for joint probabilities:

PU(k,....k)=P{£. ., OC, (4)....& OC, (W}.1=1r.k....k =LK,
B ={P (k.. k) ko k=1 K, =1

In particular, p" ={Pps-r P} ={P"(1),...,P""(K)} . Here parameters 6, i and P() are unknown, but

2)

P has linearly dependent probabilities. Let Q be a vector, formed by some set of linear independent
probabilities from P(".

Let us consider structural transformation j, (i,....Jl, ) =1+ lezl(i ; —DK = I,_r, which defines the

correspondence between the set of r-dimensional probabilities P" and one-dimensional vector P

according to the following rule: [P"] =p®" (i;,....1;) . Here and further, [A]; means the j-th row of

i iped)
a matrix or the j-th element of a vector. With structural matrix G and vector D, the transition from

independent probabilities Q to P = D+GQ can be made. This transition could take into

consideration not only a normalization requirement, given one-dimensional probabilities, stationary
condition, but also finite-dimensional distribution symmetry. In addition, further we will use structural

matrices F;, i =1,r —1, which provide the transitions to lower level probabilities through pi) = I:iP(i ")
Within this framework, let us denote true parameters by v =(8,4,Q) and hypothetical

parameters by U, =(8,,4,,Q,). Thereafter, we can formulate the problem of testing simple

hypothesis Hy about the parameters of models (1) and (2) against composite alternative H;:
Hy:u=u,, H :v#, (3)

For the construction of statistical procedures, we will use indicators S = (q,..., 51) . These indicators

correspond to the numbers of the intervals, in which residuals Y, —gt(q)) fall, or

$=5(6.4)= y- 9(6,).4). where s(u.4 )=k for uDC,(#,).



International Conference on Information Technologies in Business and Industry 2016 IOP Publishing
IOP Conf. Series: Journal of Physics: Conf. Series 803 (2017) 012150 doi:10.1088/1742-6596/803/1/012150

The statistics for hypothesis (3) testing will be built on the principle of the maximum likelihood
ratio. It means that the critical region will contain only such parameters that provide the highest value
of the gradient norm in the hypothetical point:

0,P(s|v)

P(5[0,) @

0,LGs|u.0),., =
v=y,

Here, L (§| U,UO) = P(_SI U) / P(_E}UO) is the ratio function of indicator-based likelihood.

3. Thegradient of indicatorslikelihood
In searching for the right side of (4), we can use the following expression to get Taylor expansion

P(s|0) = P(S|0y) + CLPCS|0) (0 -0,) +oJu -0, ):

P(s.....s|v) =P( sv)P( §‘ sv)-P( 8| 5,8, r_§,u)|_|::rP(§|$_,+l,..., s,.0). (5)

For this expansion, the continuously differentiable parametrization of finite-dimensional distributions by
4 and Q is needed. For an arbitrary parameterization, we have:

P(s [v) =P(s|v,) + O,P(s [u) W -y +o(lu -y, ),
P(s,|5.0) =P(s| s0,) +0,P(s,|5.0,) W - 0,) +o(lv -y, |,

. . (6)
P(S|S-rurrom $:100) TP Srapoons $0U) O, P(S[ S g $156p) %
x(u-u,) +o(lu-u, ).t =r.n.
Substituting (6) in (5) and after regrouping of terms, we have:
PGs[w) _ 1o BuPGs v, OPGE[S0) OPE[$55.0)
P(s|u,) P(s|v,)  P(s]s.0,) P(S_|§ $000p)
iy O P(S[$rais $0:0)
" PSS $150)
From this, we can obtain the following expression:

_OPGslu) OPs[s0)  OP6SL|5,.5.0) by O,P(s |8, $1,0)

jx(u_uo) +0(|U_Uo ”)

O,LGv.0,)|,_, = . .

" PGl P(s|s.0,) P(S ]S $:0) P(§[§:s $1500)
The last expression can be transformed in such a way that the gradient of the likelihood ratio will be
expressed in terms of I and (r-1)-order joint probabilities:

3 0 OP(Sue o 800) <n OuP(Souer 54 l00)
O0,LGlou)| . => ~ — >, : (7)

v 0 |U—Ug Zt—r P(S_r+1,---,§|UO) Zt—rl P(S_r+1a---a$_1|uo)
Now let us turn to the problem of determining gradients DUP(S(_HI,..., $|U) - and

0, P(St—m yeres $_1|U)‘ . This task requires obtaining derivatives of each parameter in U. Despite the

U=y
fact that given values U correspond to a set of distributions on P(§|U), the following theorem shows

that for an arbitrary continuous differentiable parametrization of distribution P(§|U) by parameters [

and Q, the gradients expression does not depend on the parametrization method. Therefore, they can be
used for further assessments concerning local changes of the likelihood function.
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Theorem 1.Let r-dimensional continuous distribution density f, (Xl,...,)g) of random variables

£ & exist, where t =r,n . Then, for any continuous differentiable parameterization of distribution

t-r+loees

P(§|U) by parameters [ and Q, the following types of expressions hold:

OoP(Srarsrs S 10, [P (€ G| G ) frn(G o) s
)
>, (Co oGl 6,0 foila, ) | T 0 ().
r-1
DHP(S—HI [ $—1 |U)|\u:\u = Z[Pr—l,i (Csl,,ﬂ [ C:sH ‘ Czi,,ﬂ —1) f— r+i( C.;,Hi —1) (9)
o=l
_Pr -1 (Csl 77T C ‘ C’%-m ) ft_ |’+i( C\S—rﬂ ):| D]:la g_H'i (90).
0PSO ) § G )0, [P (Cy o G| G ) Forn(G, 0, o
P (€, Gl ) fnilgdy |
r 1
DyP(S—rH(HO’/‘lO) S (00’/‘10)|U)| |: r=Li (Cs‘ w? "’CSH ‘Cq,,ﬂ—l) f—r+i(C§,Hi —1) dgﬂ‘ -1 (11)
i=1
_Pr 1' (Cst—r+1 [ C S-1 ‘Cs—rﬂ ) ft_ Hi( CS—r-H ) d§—rﬂ :|.
DQP(S—HI (GO’HO)"“’q (90’H0)|D)‘ =y, [G] (Srsneng)? (12)
DQP(S’t—rH (eo,ﬂo),..., S’t—l (90"[10)|U)‘u:uo : I:r—l(;]j,,,(s[,,,,,,..4,3,1)' (13)
Here, f () is a density function of &, P, (CSHH yeer C. ‘Ck) is a transitional probability of vector’s fall
=t-r+lL sz t—r+ I“ into the parallelepiped, formed by intervals
{CSl SjEt-r+Lt ) £t -r +i} under the following condition: &,_, =G, .
4. Sign-based tests
Formally, the required test for hypothesis (3) has the following form:
2
‘DUL(§|U,UO)|U:U H > const, (14)

where ||[n] is an appropriate vector norm and equations (7)-(13) define test statistics. It is obvious that, if
we take p, =...= p, =1/ K and hypothetical parameters Q, determine the r-dimensional uniform
distribution (i.e. [Q,], =K ™), then test (17) will be locally the most powerful against any linear one-
dimensional ony-sided alternative, since likelihood ratio denominator P(§| UO) turns into a constant.

In other cases, we can be driven by logical relevance of the maximum likelihood ratio principle.
As an alternative for (17), we can use the test in the following form:

2 2
‘DUP(§|U)|UZUOH =HP(§|UO)DDUL(§|U,UO)|U:UOH > const, (15)

which is locally the most powerful against any linear one-dimensional one-side alternative.

Concerning tests (17) and (18), there are still some questions to be answered. First of all, in (8)-(11),
there are several unknown variables, which require reasonable replacements. Secondly, it is necessary to
show how critical values will be determined and which vector norms should be used.
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Let us start from the first question. To replace unknown values in (17) by some observed values, we
can use the same principle which was used in [8].
For instance, ignoring some depending effects, we can replace P, (C, ,..C |g) by

P“’”(kl,...,kr):zzzlP(r)(kl,...,K_l,S Koo K)- Thereafter, (ft(Ck_l)— ft(Ck))/ o} and
( f (G )dis = f(c) dk)/ P, will still be unknown. Their replacement by special scores
B; :{bj (k): k=1, K} . =l,_l’, is discussed in detail in [8]. For example, for K=2 (quantile regression),

B={-1/p, 1/(1-p)}. For K=3 (symmetric two-quantile regression), Bj={-1, 0, 1}, B,={1, -2p/(1-2p), 1}.
For K=3 (symmetric three-quantile regression), Bj={-A, —-a, a, A}, B.={A, -1, -1, A}, where A=(1-2p)/2p

and o is an a priori guess about value ( f,(0) = f,( ,u)) /£ (H).

One of the most important features of the scores is their zero meanZ::=l B (k) p =0,

::1 B, (k) p, =0 and zero covariation z:ﬂ B(k)B (k) p=0.
Replacements in (17) and (18) lead to obtaining tests in the following form:
— 2
||¢fn(s |u, )|| > const, (16)
IP(S|0,) &, (S| 0,)| > const. (17)

Here, &,(S|y,) is a vector statistic, which is a modified and normalized likelihood ratio gradient. Also,

this statistic can be written in the following form:

EGloy=n""Y " > WS,

Oy0-rs (OR @)
(ri)

Vvt,i (§| U) - ‘ R,Z (U) ‘ ,
[G]jr(sx—rﬂ (0),..§ (V) _ ( _ ) [Fr_lG]jr—l (St +1 ()55 (V) (18)

| (S, (U),.... 3(0)) P8 (0,84 (0))

R (©)= B (34 )( €7 (0)=(1-5,,)(1-5, )15 ().

o) () 2 P (8 (0)- 3 ()P (5.4 (0)
T )]

It is noticeable that if [Q,], =K™, test (20) will still be locally the most powerful against any linear

one-dimensional one-sided alternative, even after replacement of the unknown variable by scores.
However, it is possible only with an additional condition that these alternatives differ only by
parameters @, or |, or Q. Plus, simulations show that the behavior of this test under alternatives is not
always satisfactory. In addition, there are some difficulties in searching its asymptotic critical values.
Therefore, we recommend to use test (19).

Now we can turn to the second mentioned question concerning choosing critical values and
methods of defining vector statistics norms. As in the case of independent errors in [1,8], for
hypothesis (3), we can build test in forms (19) and (20) with the exact significance value. This is

possible due to the fact that under hypothesis, the distributions of statistics ||£n(§|uo)||2 and

IPS|u,) &, (_S|U0)||2 coincide with the distribution of random variable |&,(7 |UO)||2 and

||P(I7 |u,) L&, (7 | U, )||2 , respectively, where random vector 77 = (I71 A )’ is composed of the sequence

of random values, which are (r-1)-order Markov chain (77, D{I,Z, ceey K} ) with given finite-dimensional
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probabilities P(kl,..., k |Uo) . As a result, using the Monte-Carlo method, the percentage points of test

statistics distributions (19) and (20) can be defined with any accuracy. It is noticeable that, in the
determination of & (77 |v,) parameters, 4, is not used, whereas @, is used only in the determination of

gradients [,g, (00) in (21), whereas parameters Q, influence only the values of probabilities P(r),

P(r—l) P(r,i) P(r—l,i) )
In case of a large number of observations N, it is better to use the asymptotic critical values. For test
(19), it is possible to determine them through asymptotic normality of statistics distribution &, (S|v,)

under hypothesis. For this purpose, we can use generalization of theorem 7.7.9 from [9] in case of the
sequence of random vectors, which could be easily obtained by applying theorem 7.7.7 from [9].
Lemma 1.

Let numerical sequence {q t=2 1} and a sequence of random vectors {Z[ o 1} satisfy the following

conditions.
1. There is integer number >0 so that for any n and t,....,t, (0<t, <...<t,), the sets of random

variables {7, ,...,Z } and {Z,...,Z _,,,, Z ,p>...} are mutually independent.
2. Mz, =0, t=12,...
3. M||Z(||M <M forsome M and §>0, t=1,2,....
4. |al| <L foreacht and some L>O0.
5

C e . .. T T ,
. There is limiting matrix 2 = }1{1010 T zt:lzszl aaMzz.

1/2

Then, random vector T~ z; a2, converges distributionally to N(0, ).

Theorem 2.
Let hypothesis (3) and the following conditions be fulfilled:
1. ||Dagt(€)|| < L for each t and some L>0.

2. Limiting matrix V =1imV,, where V,=M&, (5| 0)&,(S|v) exists.

3. P"(k,...k)>0 foreach ki,...,k .
Then random vector §,(S|u) converges distributionally to N(0,V), whereas random value

{2=¢,(S|u)V,'&,(S|v) converges distributionally to Xz, where q=dimuv.

5. Conclusion
In this article, we have obtained exact and asymptotic sign-based tests for simple hypothesis (3)
H, :0 =, concerning the parameters of multi-quantile regression model (1) with stationary Markov
noise &,

In theorem 1, we showed that despite the nonparametric problem statement, we can obtain
expressions for the gradient of likelihood for signs DP(§| V) . In this case, these expressions for the

gradient do not depend on the parametrization method of distribution P( §| V) . Thereafter, we used this

fact to obtain tests (19) and (20) based on vector statistics &,(S|v,) .

In the article, we examined the question concerning obtainment of critical values, which achieve
the necessary significance level with any accuracy on finite-samples. Further, we also examined such
critical values which are based on asymptotic distribution of test statistics (theorem 2).

As a result, we recommended the test based on the principle of the maximum likelihood ratio with
the following critical area:

{:=&.(5|u,)V, ¢, (S|u,) > const,
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where V.=V (8,Q) =M¢,(S|v)¢&,(S|v) . This test has chi square asymptotic distribution.
The obtained test can be treated as a basis for the estimation procedure of parameters ¥ based on
maximum asymptotic p-value principle [7], i.e.,
v, =argmin, {;(,).
For practical purposes, hypothesis testing is interesting when the hypothesis has the form of
H,:[6] | = [6,] i and the rest parameters are nuisance. It is true especially for linear models. For such

hypothesis, which can be treated as linear, we can use a two-stage testing procedure. This approach is
closely examined in [1, 8] in the context of sign procedures.
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