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Abstract

We are considered with three different types of multivariate chi-square distributions.
Their members play important roles as limiting distributions of vectors of test statistics
in several applications of multiple hypotheses testing. We explain these applications and
provide formulas for computing multiplicity-adjusted p-values under the respective global
hypothesis.

1 Introduction

Chi-square distributions play an important role in many areas of inferential statistics, at least
for two reasons. First, chi-square distributions on [0, co) are (limiting) distributions of quadratic
forms and thus they occur naturally in the context of distance-based statistical methods in Eu-
clidean geometry. One example of this type of application is the chi-square test of goodness-
of-fit, where squared distances of observed and expected counts are evaluated in order to test
the empirical distribution of a data sample against a given one. Second, likelihood ratio statis-
tics in parametric models are under regularity conditions asymptotically chi-square distributed
according to Wilks (1938), at least if nested models are considered.

In many modern application fields, however, several statistical hypotheses have to be tested
simultaneously based on the same sample. This is typically referred to as a multiple test prob-
lem. For instance, one may want to test which genes from a potentially large list of candidates
are associated with a clinically relevant outcome, or one may want to test which vareties of a
certain agricultural product have (on average) the largest gross yield per unit. In such situations,
typically a vector of test statistics is constructed, where every component corresponds to one
(marginal) test problem; we will provide more details in Section 2.1. Hence, under the multiple
testing framework, often vectors of chi-square distributed statistics are objects of interest. Partic-
ularly relevant cases occur if these marginal chi-square statistics exhibit certain dependencies,
leading to the consideration of multivariate chi-square distributions.

In this work, we will be considered with different types of such multivariate chi-square distribu-
tions. We will explain typical multiple test problems in which these distributions play a role as
(limiting) distributions of vectors of test statistics, and we will discuss methods for computing mul-
tivariate chi-square probabilities and, consequently, multiplicity-adjusted p-values correspond-
ing to such multivariate chi-square distributed vectors of test statistics. The paper is organized
as follows. After the preliminary Section 2, we study nonparametric rank-based multiple com-
parisons in Section 3, by exploiting permutational multivariate central limit theorems. Section
4 deals with the simultaneous analysis of several contingency tables, where data from differ-
ent tables are dependent. This has important applications in statistical genetics, in particular



in genetic association studies. In Section 5, multiple Wald tests (or asymptotically equivalently,
multiple likelihood ratio tests) for dependent endpoints are considered. Section 6 summarizes
computational methods for different types of multivariate chi-square distributions, and we con-
clude with a discussion in Section 7.

2 Preliminaries

2.1 Multiple hypotheses testing

The general setup of multiple testing theory assumes a statistical model (2, F, (Py)yco)
parametrized by ¥} € © and is concerned with testing a family H = (H; : i € I) of hypotheses
regarding the parameter ¢ with corresponding alternatives K; = © \ H;, where I denotes an
arbitrary index set. In the applications treated in this paper, I will be of finite cardinality m (say),
such that I = {1, ..., m} may be assumed without loss of generality. We identify hypotheses
with subsets of the parameter space throughout the paper. Let ¢ = (; : i € 1) be a multiple
test procedure for H, meaning that each component ¢;, ¢ € I, is a (non-randomized) test for
the test problem H; versus K in the classical sense.

We restrict our attention to multiple tests which are defined via a family (7;,7 € I) of test
statistics, where each T; : {) — R is a measurable mapping. We assume that each 7} tends
to larger values under the respective alternative ;. Thus, the marginal test (; is of the form
vi(r) =1 <= T;(z) > ¢;, where the critical values ¢;, ¢ € I, have to be chosen to ensure
(type 1) error control of given form at given level. More specifically, let Iy = I()) C I denote
the index set of true hypotheses in H and V(o) the number of false rejections (type | errors) of
p,i.e, V(p) = > i, #i- The classical multiple type | error measure in multiple hypothesis
testing is the family-wise error rate, FWER for short, and can (for a given 1} € ©) be expressed
as FWERy(p) = Py(V (¢) > 0). The multiple test ¢ is said to control the FWER in the strong
sense at a pre-defined significance level «;, if supycg FWERy(¢) < «. In terms of the joint
distribution of test statistics and the critical values, we can write

FWERy(p) = Py (U{T > ci}> =1-PPy (ﬂ{T < Ci}) )

icly i€lp

showing that suitable critical values ¢;, © € I, are given by quantiles of the joint distribution
of test statistics. Let [y = [);,.; H; denote the global (intersection) hypothesis of H, which
is assumed non-empty throughout the remainder. Often, FWER control under Hj (in the weak
sense) entails FWER control in the strong sense, namely, if parameter values in H, are least
favorable configurations (LFCs) for the FWER of (. Sufficient conditions for the latter have been
provided by Gabriel (1969) and Dickhaus and Stange (2013), among others. In Sections 3 - 5,
we will derive the joint distributions of test statistics only under H. Even if parameters in H, are
not LFCs, this joint distribution under H, can straightforwardly be employed for strong FWER
control by utilizing the closed test principle (cf. Marcus et al. (1976)), provided that the family
(T;,i € 1) is joint in the sense of Gabriel (1969). Letting t; = T;(z), 1 < i < m,x € Q,
denote the actually observed values of the test statistics, multiplicity-adjusted p-values are given



by
pi(x)zpﬁ(fggxﬂ>ti), 1 <i<m, (1)

where we will again restrict our attention to parameter values v € Hy in (1).

2.2 Types of multivariate chi-square distributions

There is no general definition of a p-variate chi-square distribution, because there exist a variety
of different ways in which univariate chi-square distributions can be combined by a copula.
Although the stochastic representation of the resulting random vector Q = (@, . .. ,QP)T
(of any of the types considered in this work) only involves standard normal random variables
(and can therefore be simulated straightforwardly), its (joint) distribution is not determined by
the marginal degrees of freedom and the correlation matrix of the components )1, . .., @),
as analytically proved by Krishnaiah and Rao (1961). To illustrate this fact, let us consider the
following elementary counterexample.

Example 2.1.

(i) Consider four real-valued, centered random variables Z 1, Z1 2, Z2,1, Z2,2 having a joint
normal distribution on R*, where each Z; ; has unit variance. Let p(Z; ;, Zi.4) denote
Pearson’s correlation coefficient of Z; ; and Zy, o for 1 < 1,3, k, ¢ < 2 and assume that
only the correlations p(Zy 1, Zs1) = p(Z12, Z22) = p are non-zero. Then, the random
vector Q = (Q1,Q2) ", given by Q1 = Z3, + Z3, and Q2 = Z3 | + Z3,, follows a
bivariate chi-square distribution with two degrees of freedom in both marginals and with

Cov(Q1, Q) = 4p”.

(i) Consider three real-valued, independent and identically distributed (iid.) random variables
Zo, 27, ZQ, where Z has the standard normal distribution on R. Let the random vector
Q = (Q1,Q2)" begivenby Qy = Z2 + Z2 and Qy = Z3 + Z2. Then, Q also follows
a bivariate chi-square distribution with two degrees of freedom in both marginals, and it
holds Cov(Q1, Q) = Var(Z2) = 2.

Letting p* = 1/2 in part (i), we obtain that Cov(Q1,Qs) = Cov(Qq,Q,) = 2. However,
even for this choice of p? the joint distributions of QQ and Q do not coincide, as can be seen
by comparing their Laplace transforms (Lt), which are given by Lt (g, o,)(t1,t2) = [(1 +
201)(1 + 2ty) — 4p*tat2)] ™t = [1 4 2(t1 + t2 + tit2)] ! in case of p* = 1/2, as well
as Lt (g, 5, (11, ta) = [(1+2(ty +12)) (1+2t1) (14 2t5)] /2. In view of testing two hypothe-
ses, notice that, assuming p?> = 1 /2, the equi-coordinate 95%-quantile of Q approximately
equals 7.0802, while that of Q approximately equals 6.9776.

Example 2.1 demonstrates that the full joint stochastic representation of a multivariate chi-
square distributed random vector is needed in order to compute its quantiles (and, hence, to
calibrate associated multivariate multiple tests). For different statistical models and associated
families of hypotheses that we are going to discuss in the following sections, these stochas-
tic representations differ, giving rise to different types of multivariate chi-square distributions.



The “classical” definition of a p-variate chi-square distribution is provided for instance by Timm
(2002), see his Definition 3.5.7. It is the joint distribution of the diagonal elements of a Wishart-
distributed random matrix S ~ W, (v, X). Therefore, we term this distribution a p-variate chi-
square distribution of Wishart-type or a “Wishart-chi-square distribution“ for short. Its standard-
ized form results whenever Y. is a correlation matrix, meaning that all its diagonal elements are
equal to one. The distribution of Q in part (i) of Example 2.1 is a standardized bivariate Wishart-
chi-square distribution. Wishart-chi-square distributions straightforwardly arise if a family of point
hypotheses regarding the marginal variances of a multivariate normal distribution shall be tested
based on an iid. sample; cf. Example 2.2. Multivariate chi-square distributions of Wishart-type
will also play an important role in Examples 2.3 and 2.4, as well as in Section 3. Two different
generalizations of Wishart-chi-square distributions have been introduced by Jensen (1970) (cf.
our Section 4 for an application) and Dickhaus (2012) (see our Definition 5.1). Due to their rele-
vance in many multiple test problems, these three types of multivariate chi-square distributions
are the subject of this work.

On the other hand, the distribution of Q in part (ii) of Example 2.1 was considered by Simes
(1986) and Sarkar and Chang (1997) in connection with the validity of Simes’ global test under
positive dependency, but is of none of the aforementioned three types. Further types of mul-
tivariate chi-square distributions, which are also not considered in this work, are compiled in
Chapter 48 of Kotz et al. (2000).

2.3 Some first examples

Example 2.2 (Multiple tests of Gaussian variances). Assume that one can observe iid. random
vectors X1, ..., Xy, where X1 ~ N,,,(uu, ). Consider the case that the mean vector ;1 and
the diagonal elements of the covariance matrix > = (aij)lgmgm of each of the observables
are unknown. Assuming that m > 2 and N > m, a suitable estimator of 3. is the empirical
covariance matrix S, given by S = (N — 1)1 5" . (X — X)(X; — X) T, where X is the
vector of component-wise arithmetic means. It is well-known (see, for instance, Corollary 7.2.3.
of Anderson (1984)) that the distribution of S' is a Wishart distribution with mean > and N — 1
degrees of freedom. Consequently, the joint distribution of the diagonal elements (S;; : 1 <
i < m) is an m-variate chi-square distribution of Wishart-type which is scaled by the (unknown)
diagonal elements o;; for 1 < i < m. Now, consider the system H = (H; : 1 < i < m)
of hypotheses, where H; : {o;; = o};} for fixed, given constants o;, 1 < i < m, with one-
sided alternatives K; : {o; > o} (the one-sided alternative {o;; < o};} can be treated
analogously and the two-sided alternative {o;; # o7} can be represented by two one-sided
ones). A suitable vector of test statistics is then given by (S11/0%, ..., Smm/0%,.) ", and the
respective m-variate chi-square distribution of Wishart-type under the global hypothesis Hy =
ﬂ1 <<m Hi can be used for calibrating a multivariate multiple test procedure for testing 'H.

Example 2.3 (Multiple comparisons of multinomial probabilities). Consider k subpopulations
Q;, 1 <1 < k, and assume that one can observe stochastically independent vectors N; ~
M.(n;, p;), 1 <i <k, where M.(n, p) denotes the multinomial distribution with c categories,
sample size n and vector of probabilities p. We assume that the sample sizes n; are given
constants and that the vectors p; = (py : 1 < £ < ¢)" are unknown. Royen (1984) was



considered with the problem of multiple comparisons with a control group, i. e., the system
HPumett — (H, : 1 < i < k—1), where H; : {p; = pi} (group k is the control group), with
two-sided alternatives K; : {p; # P }. A suitable test statistic for testing H; is given by

[ (Ni — E0)?>  (Npe — Ege)? Ny (Nig + Nie) .
T, — L B, = TR 2
zz—; { Ei - Eye " ni + ng v ek} @

Under H;, T; is asymptotically (as min{n; : 1 < i < k} — o0) chi-square distributed
on [0, 00) with ¢ — 1 degrees of freedom. However, the (T; : 1 < ¢ < k — 1) are corre-
lated, because data from group k are used in all T;. Let P, denote any probability measure
on () = Ule €); such that the global hypothesis Hy = (,;<;_, H; is true. Noticing that
Po(V1 <i <k—1:T, <cy) = Po(maxi<icp 1Ty < ¢,), the critical value c,, for cali-
brating a simultaneous test procedure in the sense of Gabriel (1969) for FWER control at level
o can be chosen as a quantile of the distribution of max<,<,—1 1; under Hy (this distribution
is invariant with respect to the parameter values in Hy). The latter distribution is a (k — 1)-
variate chi-square distribution of Wishart-type with c — 1 marginal degrees of freedom and an
associated one-factorial correlation matrix (see Section 6 for details) which only depends on the
given sample sizes n; for 1 < i < k. The cdf. of this distribution has been computed by Royen
(1984). We may also mention here that the cdf. of non-central multivariate chi-square distribu-
tions of Wishart-type with associated one-factorial correlation matrices has been computed by
Royen (1995); see also Royen (1997). These non-central distributions play an important role in
connection with power considerations for the simultaneous test procedure.

Furthermore, Royen (1984) also considered the problem of all pairwise group comparisons, i.
e., the system H™® = (H;; : 1 < i < j < k), where H;; : {p; = p;} with two-sided
alternatives K;; : {p; # p,}. A suitable test statistic for testing H,; is given by

c N2 T N2 . .
. Z{m E0+W;Ew}%:ﬂ@ﬂﬂﬂzmﬁﬁwm

v — Ei Ejq
The distribution of max<;<;<i T;; under (), ; <j<k H;; is a generalization of the Gaussian
range distribution to Gaussian random vectors and quantiles of it have been tabulated by Royen
(1989, 1990).

Example 2.4 (Multiple comparisons of vectors of regression coefficients). Consider k > 3
stochastically independent response vectors Y;, 1 < 1 < k, with values in R" each, where
n € N denotes the common sample size in every group i. Foreach 1 < 1 < k, assume a
linear model for Y ; of the form

Y, = X3 +¢, (4)

where the given (n X p) design matrix X is the same for all k groups and is assumed to have
rank p < n. Royen (1995), Section 6, was considered with multiple comparisons regarding the
vectors (3; : 1 < 1 < k. Differences between these vectors indicate that the influence of the
covariates encoded by X on the (mean) response is different across groups. Assuming that all
vectors €;, 1 < i < k, of error terms are identically distributed as N,,(0, 0%1,,), the (in general
unknown) error variance o> can be estimated by the pooled estimator S* with v = k(n — p)



degrees of freedom, and it holds vS? /o* ~ X?2. Now, consider for illustration the problem of
multiple comparisons with control group k, i. e., the system of hypotheses HP""" = (H; :
1 <i < k—1), where H; : {8; = Bi}. The usual least squares estimator of [3; is given
by 3; = (XTX)'XTY;, leading to B, — B = (XTX) LXT(Y; — Y},) with covariance
matrix Cov((3; — ) = 20%(X T X)~'. Hence, if 0> would be known, the normalized squared

difference 1

2 2
would be a suitable test statistic for testing H;, for 1 < i < k — 1. The joint distribution of
(Ty, ..., Ti_1)" under the global hypothesis Hy is a (k — 1)-variate chi-square distribution
of Wishart-type, cf. Example 2.3. In the practically relevant case of unknown o, Studentization
with S leads to the modified test statistics

1
T 262

T,=—(Y, - Y) ' X(X"TX)' X" (Y; - Y})

ﬁz

— (Y =Y X(XTX)IXT(Y, - Yy), 1<i<k-1

Up to scaling with the degrees of freedom, the joint distribution of (TI, e Tk_l)T under Hy is
a multivariate extension of Fisher's I'-distribution the cdf. of which can be obtained by integrating
the cdf. of (Ty,...,Tx_1)" with respect to the distribution of S*/c®. This results in a null
distribution for the calibration of the multiple test based on (Tl, c Tk_l)T for FWER control
at level o, see the derivations in Section 6 of Royen (1995). There, one can also find asymptotic
expansions for large degrees of freedom of S? to avoid the additional integration over the density
of S? /a2, which can be used in the same way for the central multivariate I -distribution.

3 Multivariate nonparametric multiple comparisons

Puri and Sen (1971), Section 5.4, worked out a multivariate extension of the Kruskal-Wallis
test. Assume that one can observe N stochastically independent vectors X, ..., X, each of
which takes values in R, and that the corresponding /N observational units belong to ¢ distinct
groups, where n;, denotes the sample size for group 1 < k < csuch that N = 22:1 Nng. The
(global) null hypothesis H, (say) that Puri and Sen (1971) were concerned with states that there
are no group differences, i. e., that X, . .. , Xy are identically distributed. For testing Hy, they
proposed a rank-based method which works as follows. For every coordinate 1 < 7 < p, all
N observational units are ranked. Let Rgf) denote the resulting rank of the ¢-th observational
unit within group k in coordinate 7, where 1 < ¢ < ny. The scaled rank average of group & in
coordinate 7 is given by T](\fj) (N + 1) ng S0, . Notice that one can equivalently

write T( ) = (N +1)"In;! 2421 igl{group sk} (0), where the index £ now runs over all N
observatlonal units and (RM 1< i< N) denotes the pooled vector of ranks among all

observational units in coordinate 7. Both representations immediately entail that Ez, [T](VkZ] =
1/2. Letting T](Vk) = (T](\;f)l, e ,T](\f) ), a reasonable test statistic for testing H is given by

P
c
EN: E T
k=1

1 1.\ "
(T}v’“) - 51) VoHRY) (T}V“ - 51) ] ,




where the (p x p)-matrix V (R},) has elements

vir(RYy) = [N(N + 1) ! RYRY) —1/4
k=1 /=1

e

and is assumed to be invertible for ease of presentation. It is easy to check that, in the case
of p = 1, the statistic L equals NH/(N — 1), where H is the test statistic for the Kruskal-
Wallis test (see Kruskal and Wallis (1952)). Puri and Sen (1971) proved that, under H, the
permutational distribution of £y converges weakly to a chi-squared distribution with p(c — 1)
¥
pand 1 < k < ¢ — 1 under the permutation distribution plays a crucial role. The latter can
elegantly be deduced from the considerations by Sen (1983). We let Ly, = T](sz) —1/2 and
represent this centered (under H,) statistic as Ly, = Zévzl(c&k — ¢x)Rie/(N + 1) with
regression coefficients

degrees of freedom. For their proof, joint asymptotic normality of the statistics T](\;f) forl <1<

N
Cok = nlzll{group is k}(g)a Cp = Nil Zcé,k = 1/N7
/=1

which do not depend on the coordinate 7. Following Sen (1983), we obtain that under Hy, it
asymptotically (as min{ny : 1 < k < ¢} — o0) holds

(Lyie :1<i<p, 1<k <c—1)~Nye1y(0,Vy ® Cy) (5)

for the joint permutational distribution of (L : 1 <@ < p,1 < k < ¢—1), where the entries
in the matrix Vy € RP*P are given by

N
. Re 1\ [ Rwn 1
o= (N—1)7 — —
N, (V-1) Z(NJrl 2) <N+1 2)

(=1

N
N 1 1
— RyRiyg — - ""/:1,...,,
N—1<N(N+1)2; et 4) b b

and
N T
1 1 1 1
CN = Z |:(CZ,17 . 7C€,C—1) - < 9 . _):| |:(C[71, . 7C€,C—1) — (—’ 3 —>:|
=1 N N N N
ki1 )
i G (6)
( e NJjwoi e

with values in R(¢=1)x(c=1),

Now, assume that group differences (if any) are to be localized in the sense that one is in-
terested in inferring which of the p marginal distributions are heterogeneous between the ¢
groups. For addressing this multiple test problem, a suitable vector of test statistics is given by



H = (H,,...,H,)", where each H; is a coordinate-specific statistic of Kruskal-Wallis type, i.

12 < “w N+1\? 2N+ K,
H = ——— R =—2 L5 7
N(N+1);nk< ; 2 N ;”’“ ik (7)
= v;flzz anL?Vilw 1<i<p.
k=1
In(7), R R = =ny -t Z w denotes the (unscaled) rank average of group & in coordinate 7.

Theorem 3.1. Asmin{n; : 1 < k < ¢} — oo, the joint permutational distribution of H =
(Hy,...,H i,)T is under Hy asymptotically a multivariate chi-square distribution of Wishart-type
with associated correlation matrix

UN i
Wy = ( _ .
v/ UN,i,iUN,i i’ 1<i,i' <p

Proof. Throughout the proof, we assume that H holds true. First, we notice that we can ex-

_ -1 .
press Ly;. = —n_ Y 1_, nkLig, leading to
c—1 c—1
2
H; = UN” E nkLN,k+ g g N Lvig Lnvig
€ k=1 k=1
NEN

= Nz ’LLNl <nk5k7k' +

= L;i (UXI,IZ‘,Z‘CJTII) Ly,

) Ly
Ne ) pr=1,..c—1

where LN'L - (LNi17 CII) -L]\/"i(c—l)>T for 1 S [ S pand O_l = <nk5k7k/ + nknk/)k i
'=1,...,c—1

Ne
is the inverse of C'yy from (6) (assuming invertibility of the latter). Hence, H; = HZng where
Z;, = v]f,ll/fC];l/QLNi is asymptotically standard normal on R~ due to the limiting distribu-
tional resultin (5) for (Lyi : 1 < i < p,1 <k < ¢ —1). Finally, it is easy to check that the
full (conditional) covariance matrix of (ZlT, R Z;)T is asymptotically given by Wy & I, 4,
implying the assertion. |

Remark 3.1. The limiting result in (5) is not restricted to the particular form of regression coeffi-
cients leading to H. Thus, many other, related problems in nonparametric multivariate analysis
lead (under the global hypothesis) to analogous limiting multivariate chi-square distributions for
the respective vectors of test statistics.

4 Genetic association studies

From the statistical point of view, genetic association studies with case-control setup lead to the
problem of simultaneous categorical data analysis, meaning that many contingency tables have



Table 1: Schematic representation of data for an association test problem at genetic locus 7,
where the two possible alleles are denoted by Aj,l and Aj72.

Genotype | Aj1A;1 Aj1Ajs AjsAis | D]
Phenotype 1 ;1:&3% 29 a:% ni.
Phenotype 0 a:g ) 29 xg% No.

Absolute count | 7,0) n oW n 3(3) N

to be analyzed simultaneously. Assuming a set of m > 1 bi-allelic genetic markers with exactly
two possible values A;; and A; 5 (say) for 1 < j < m, the data for genetic locus j can in such
type of study be summarized as in Table 1.

The numbers n;. of cases (phenotype 1) and no of controls (phenotype 0) do not depend
on j and are fixed by experimental design. The aim of the statistical analysis is to test the
family of hypotheses H = (H; : 1 < j < m), where the j-th null hypothesis H; states
that the genotype at locus 7 is stochastlcally independent of the (binary) phenotype of interest.
A suitable marginal test statistic for testing /1, against its two-sided alternative K; that the
genotype at locus 7 is associated with the phenotype is given by

: a: —e ))
assoc Z T‘C rc ’ (8)

r=1 c=1 erc
where the numbers eﬂ) = nr_n,(g)/N denote the expected cell counts under Hj, conditional to
the marginal counts 11, 1o, 119, n59), and n 3.

It is well known that the distribution of (..., (X9)) converges under H; weakly to the (central)
chi-square distribution on [0, c0) with two degrees of freedom, for all 1 < j < m. However,
the marginal test statistics typically exhibit strong correlations, at least in blocks, because of the
biological mechanism of inheritance. These correlations can be described in terms of linkage
disequilibrium (LD) matrices. The resulting stochastic representation of the asymptotic distribu-
tion of the vector Q... (X) of all m test statistics Qasm_(X(j)), 1 < 5 < m, has been derived
by Dickhaus and Stange (2013); see also Moskvina and Schmidt (2008) for a simpler disease
risk model.

Lemma 4.1 (Dickhaus and Stange (2013)). Let, for1 < j < m, P; = (Py;, P»;, P3;) " denote
the vector of expected genotype frequencies at position j for cases in the target population, and
define
X —ny Py
Vi Py(1—Pyj)’
Py (X[ — 1. Pyy) + (1= Py) (X)) — na )
V11 Poj(1 = Prj)(1 — Py — Py)

Then, for N — oo, (Z1;,Z2;)" converges in distribution to (Zy, Z>)" with (Zy, Zs)" ~

N3(0, 1), the standard normal distribution on R?. Furthermore, Q,....(X7)) converges in dis-
tribution to Z7 + Z3 under H;. Finally, under the global hypothesis Hy = ('_, H;, it holds

9



forall 1 < j,k < m: For any tuple ({1,0s) € {1,2}?, the joint distribution of (Zs, ;, Zs, 1) "
converges weakly to a bivariate normal distribution with correlation coefficient given by
Jim_Cou(Ze, j: Zes.r) = 14l ) (s2y) (11)

Consequently, the vector Q.....(X) asymptotically follows a multivariate central chi-squared
distribution of generalized Wishart-type under H, with correlation structure given by

2 2
hm COV(Qassoc.(X(j))a Qassoo.(X(k))) =2 Z Z rik(ela 62) (12)

N—oo
l1=142=1

The correlation coefficients Tj,k(gl, 05) in (11) only depend on the expected genotype frequen-
cies I, Py, © = 1,2, 3, and on the second-order joint probabilities of genotype pairs. Thus,
they can be deduced from appropriate LD matrices which are publicly available. Second-order
product-type probability bounds (see Block et al. (1992) and Section 4.3 of Dickhaus (2014)
for details) based on the bivariate marginal chi-square distributions of pairs of components of
Q.coe. (X) under Hy can be calculated by making use of the derivations by Jensen (1970).
These bounds can be used for approximating the joint m-variate distribution of Q... (X) un-
der the global hypothesis in a computationally inexpensive manner. This strategy has originally
been advocated by Moskvina and Schmidt (2008). In Section 6.4 below, a series expansion for
the three-variate marginal distributions is provided. It allows for utilizing probability bounds (of
sum- or product-type) of order 3.

5 Multiple Wald tests

In this section, we further generalize our definition of multivariate chi-square distributions of
Wishart-type. In particular, we consider the following type of multivariate chi-square distributions.

Definition 5.1. Letm > 2 and 7 = (v1,...,v,,)' be a vector of positive integers. Let
(Zi1yeos Zins Zopys e s Loy oo vs Zmds - - s ) denote 1" | vy, jointly normally dis-
tributed random variables with joint correlation matrix R = (p(Zi, 41, Zkyuy) * 1 < k1, ko <
m,1 < 01 < v, 1 < Uy < 1vy,) such that for any 1 < k < m the random vector Z;, =
(Zkas- -y Z1.,)" has a standard normal distribution on R”*. Let Q = (Qy,...,Qm)",
where

Vg
Qu=Y Z, foral 1<k<m. (13)
=1
Then we call the distribution of Q a multivariate (central) chi-square distribution of generalized
Wishart-type with parameters m, U and R and write Q ~ x*(m, 7, R).

As demonstrated by Dickhaus (2012) in the context of likelihood-based simultaneous inference
in dynamic factor models, multivariate chi-square distributions of generalized Wishart-type in
the sense of Definition 5.1 occur as limit distributions of vectors of Wald statistics (or, asymp-
totically equivalently, likelihood ratio statistics) under Hj if a statistical model with multiple cor-
related endpoints is considered. For concreteness, let us consider here a multivariate multiple
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linear regression model. We assume that one can observe stochastically independent vectors
Y,..., Yy for sample size N, where each Y takes values in R for m > 1. We make the
model assumption that for all 1 < i < N,Y; ~ N, (0x;,X). In this, x; € R? denotes a
(given) profile of covariates for observational unit 4, (5 denotes an (m X p) matrix of unknown
regression coefficients (the parameters of the model), and the covariance matrix > € R"*™ of
each observable vector is regarded as a nuisance parameter. We denote by 3, € RP the vector
of regression coefficients corresponding to coordinate k, where 1 < k < m, which is given by
the transpose of the k-th row of 3. The following well-known result can for instance be found as
Theorem 8.2.2. in the textbook by Anderson (1984).

Theorem 5.1. Let B and Y. denote the maximum likelihood estimators of (3 and X.. Then it holds:

(@ vec(BT) = (6] ,...,00)7 ~ Nop(vec(B1), 2 @ A™Y), where A = ZZNZI x;X; is
assumed to be invertible.

() NY ~ Wishart(X, N — p) is stochastically independent of 3.

Now, we interpret each component of the observables as an endpoint and consider the system
of hypotheses H = (Hj, : 1 < k < m), where each endpoint-specific hypothesis Hj, is a lin-
ear hypothesis, i. e., Hy, : C.Br = &i. The contrast matrices C', € R"+*P are assumed to have
rank r, for all 1 < k& < m, and the vectors &, € R"* are given. For instance, one may want to
test if different subsets of the covariates have significant effects on different endpoints, while ad-
justing for the respectively remaining covariates. A suitable test statistic for testing H, for each
1< k<mis glven by the Wald statistic W, = (Ckﬁk — fk) (CkaCT) (CkBk — fk)
where we denote by Vk the submatrix of 3 ® A~! which corresponds to Bk Marginally, each
W, is asymptotically (N — o0) chi-square distributed with 7, degrees of freedom under Hy;
cf., e. g., Section 12.4.2 in the textbook by Lehmann and Romano (2005). Hence, due to the
joint normality of B according to Theorem 5.1, the vector W = (W1, ..., W,,)" asymptoti-
cally follows a multivariate chi-square distribution in the sense of Definition 5.1 under the global
hypothesis Hy = (), H.

Remark 5.1. Limiting joint distributions of vectors of likelihood ratio statistics in more general
models have been derived by Katayama (2008).

6 Computational methods: Some representations and approx-
imations for multivariate chi-square or gamma distributions

6.1 Notation and special functions

Since many formulas for multivariate chi-square distributions are scattered in the literature, some
of them are compiled in this section. As mentioned in Section 2.2, there is no general definition
of a “multivariate chi-square or gamma distribution“ but there are many well known families of
distributions with one-dimensional marginal gamma distributions. In this paper we consider only
the multivariate gamma distribution in the sense of Krishnamoorthy and Parthasarathy (1951),

11



“Jensen’s multivariate gamma®, derived from Jensen (1970), and the distribution from Definition
5.1. For dimension p € N, the Lt of the first one is given by

I, + RT|™" (14)

with the (p X p)-identity matrix 1, the “associated” correlation matrix R, 1" = diag(t1, ...t,),
ti,...,tp 2 0,aa>p—2,p>2o0r2a € N(forp—12> o > p— 2 see Section 2 in
Royen (2007)). A characterization of R allowing all & > 0 (i. e., infinite divisibility in (14)) is
given in Griffiths (1984) and Bapat (1989). Throughout this section all correlation matrices are
assumed to be regular. The distribution with Lt as in (14) is called a Fp(oz, R)-distribution. A
former overview for this distribution, including some non-central extensions, is found in Royen
(1997). The joint distribution of the diagonal elements of a Wp(u, R) - Wishart matrix is a
multivariate chi-square distribution with the Lt

I, + 2RT| /2, (15)

which we refer to as a “Wishart-chi-square” with v degrees of freedom, Xf)(z/, R) for short.
Here we are mainly interested in the cdf of this distribution, but formulas are given for the more
general cdf derived from (14). Thus, « can be read as /2 and a scale factor 2 can be inserted
in the following formulas for the I, (@, R) - cdf to obtain the corresponding x; (v, R)-cdf.

Jensen’s multivariate gamma distribution is derived from the Lt

111z + r.17'72. (16)

p=1

Series representations for the corresponding Pp(Rl, ..., R,)-pdf were derived by Jensen (1970)
for p = 2 and p = 3, but the trivariate series are not always convergent. Jensen (1970) has
also given a formula for (p x p) tridiagonal matrices R,,, but unfortunately, it is based on a
formula for determinants of tridiagonal matrices, which is incorrect for p > 3. Always absolutely
convergent series for convolutions of not identically scaled multivariate gamma distributions (i.
e, p(ay, ..., ap, 2, ..., X)) - distributions) with Lt

1117+ =11

pn=1

and regular covariance matrices >, 1 < u < v, are given in Royen (2013b). Actual computa-
tions are feasible at least for p < 3.

The cdfs corresponding to (14) and (16) are denoted by F'(xy, ..., z,, o, R) and F (21, ..., T,
Ry, ..., R,) respectively. For their representations we use the following notations: The spectral
norm of any (p X p)-matrix A = () ist denoted by || A|| and its determinant by |A[, A is de-
fined by A — diag(a11, ..., ayp), a®* : 1 <4,k < pare the elements of A~! and A > ( means
positive definiteness of A. An identity matrix is always denoted by I. The notation Z(n) stands
for a summation over all decompositions of a non-negative integer n = > n; with non-negative
integers n;,1 = 1, ..., p. Formulas from the NIST Handbook of Mathematical Functions (Olver
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et al. (2010)) are cited by HMF and their number. The pdf of a gamma distribution with shape
parameter « is given by

9o(2) = e 2T (a), x> 0,a >0, with cdf G, (7) = / g(&)de. (17)
0

Furthermore, we need the derivatives

n—1

n d\" a+n—1\"
G((x—gn(x) - (%) Ga+n(x) = < ) L§Lj1(x)9a+1($)7n Z 17 (18)
with the Laguerre polynomials L) (HMF 18.3,18.5) and the functions

Hop(z) =Y (1" (Z) 2" G o () (19)
m=0
with

banle) = g-Hane) = (0“7 L 0000,

Alternatively, we can also use the relation H,, 11 = Hq, — 2hq+1,, Which can be verified by
Lt. Besides, lim H, ,(x) = Oforevery z € (0, 00), see Section 2 of Royen (1991). Moreover,
n—oo

a+n—1
n

we need the extension of the non-central gamma cdf

— - yn - n -
Col) =Y Coal) s = 3 G, (@)
n=0 ’ n=0

tox € C,y € C (actually, we only need 2a € N,z € R,y € C). For « = 1/2 + n we have

(20)

Gipaen,) = 5 (o1(VE + V) +or(yT = VD))
o (-1/2)2
= —e_x_yz (—) Ii—1)2(2y/xy) = —e ngl/ngk oF1(1/2 + k; zy)

=1 \Y
(21)

with the principal value \/E and the modified Bessel functions Ik_l/g, which are elementary
functions (HMF 10.49 (ii)). In a similar way

Giin(z,y) — Gi(2,y) Zng oF1(1+ k; zy)
with

Gi(r,y) = e / exp(—&)Io(2v/Ey)d¢ (22)
0



6.2 Some representations for the I',(a, R)-cdf

Explicit and actually computable formulas for F'(x1, ..., z,; ., R) are only available for special
structures of R and in the general case only for low dimensions p.

Definition 6.1. A regular (p X p)-covariance matrix 3. is called “real m-factorial” if m is the
lowest integer allowing a representation

Y =D+ AAT

with a real invertible diagonal matrix D and a (p x m)-matrix A of rank m with real or purely
imaginary columns. Y. is called “m-factorial” if the real D in the above definition is replaced by
a positive definite D.

A regular (p x p)-correlation matrix R with eigenvalues A1, ..., A, > 0 has an atmost (p—1)-
factorial representation with D = A, I,. For an m-factorial R with D = W2 > (0 we have
WRW =1+ BBT,B = (b;,) = WA with rows t/, columns b,, and b b, = 0, # ,
w.l.o.g. Then the ', (v, R) - cdf is given by

F(x1,...,zp;a,R) ; (24)

HG <w o ws(bf)T>

where the expectation refers to the W, (2«, I,,,)-distributed Wishart matrix .S, see Royen (1995).

With m =1 and R = diag(...,1 — a?,...) + aa', max(a?) < 1, we obtain

* T, 4y
P = [ |16 (1250125 ) |ty

J J

p
where (@), = afa+1)---(a+n—1)and A = 1+ > a}/(1 —af) > 0, since |R| =
j=1

p
AT (1 —a3) > 0. For areal vector a all & > 0 are admissible in (25). In the limit case with a

real a, aj, = 1, (and consequently | R| = [] (1 — a3) > 0) we find
itk

Flz1, a0 R) = / [1¢ ( ;L_—y)ga(y)dy (26)

J7#k

= Z( ) )\ 7 nGa+n Akajk ZHGQ+”1 ( _a?) <1Tjj'> ’

n=>0 (n) j#k
where A, = 1+ >~ a3/(1 — a3). For non-central x(v, R, A)-distributions with one-factorial

J7#k
R see Royen (1995, 1997).
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Now let R be real one-factorial. If a2 = max a? > 1, then A from (25) becomes negative and
we get with

G (z,y) = exp(y)Galz,y) (27)
that

F(xy,...,2p;0,R) = )\_O‘/
0

Gi;( T, —)] 9o(y)dy  (28)
i 1— ajz. 1— a? A
—o\va = x
— (2(1 — akQ)) Z(a)nHam (CL2 f 1) X
n=0 k

cur szj x;
ST (75 G
() gk J
with the functions H,, ,, from (19) and the elements c;;, from the matrix

C=1,—2(I,+ WRW)™", W =diag(wy, ..., w), w;=[1—aj|",

(cij = 0, 4,5 # k). For the integral representation see formula (21) in Royen (2007) and for
the series in (29) see (15) in Royen (1997) or (3.12) in Royen (1991) if p = 3. If r;; = 0, for
t # jand i, j # k, then

F(zy,...,2p;0,R) = /
0

Tk a/2
[ Galzs. =) (;) Ja(W@)] 9ay)dy

= ( a+n wk ZH a::-n] ) (30)

n=0 (n) j#k ]'

All the series in (25), (26), (29) and (30) are absolutely convergent. The formulas (25), (26)
and (29) include all Fg(Oé, R)-Cde with R = (Tik),rlgrlgrgg §é 0, since Tij = 5ij|7ﬂij‘ =
a;aj,i # j, with a; = s%/2s,|ri7i/r1|Y/? for each permutation (4, 5, k) of (1,2, 3), where
5 = S12513523. Formula (30) can be applied if there is exactly one correlation r;; = 0 in the
(3 x 3)-matrix R.

The I's (o, R)-cdf is given by
F(zy,29;0, R) = F(x1,29;,7)

= (T ) a e

n=0

_ nax (atn—1\ 5, T To
- (1_T) g( n )7“ Ga+n(1_r2)Ga+n<1_r2>

= fa+n-—1 T To
o ot () o ().

where ¢ =r/(1++/1 — %) and H,, is as in (19). The former two series are well known and
the latter one follows from the general p-variate series by Royen (1991).
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Royen (1991) provided three further types (a), (b), (c) of absolutely convergent series for the
general X%(V, R)-cdf. Here only the resulting series for the I's(a, R)-cdf are given. The off-
diagonal elements c¢;;, of a symmetrical (3 x 3)-matrix (c;;;) are also denoted here by ¢; for
each permutation (i, 7, k) of (1,2, 3). We get that

3 [e'e)
F(xy,z9,23;0,R) = ¢ (H Goldjz;) + Z Pn (x4, 2o, x3)> with (31)
N=2

J=1
( in(m;) 3
min(m; :
22T (a+n—m) 2m;
> > 3 I1 C; Fon—m; (djz;),
mi1+mo+msa=n m=0 (2m)! [] (m;—m)! | j=1
j=1
min(m;
F(O./)PN(ZL’l, X9, {133) = Z (my) 22m+1D (o+n—m) »

3
mi1+ma+mz=n—1 m=0 (2m+1)! I] (m;—m)!
j=1

3
2m;i+1
1l ¢ Fonm, (dj;),
\ J=

(32)
for N = 2n > 2 (upper branch in (32)) and N = 2n + 1 > 3 (lower branch in (32)),
respectively. Three alternative choices for the quantities in (31) and (32) are

c=1,dj=1, ¢; = —r;, Fo, =G, provided that || || < 1, (33a)

c = |Q|az7 Q _ (%k)y Gix = rik/(riirkk)1/27 (T,zk) _ R—l7 dj _ Tjj,

Cj = —qj = —Qik, Fa,n = GaJrna (33b)

c=|2(I3 + WRW) 7%, W = diag(w,, wy, ws), d; = wjz, ¢j = Ciky Fon = Hon,
(33c)

with unique positive scale factors w; implying ¢1; = ¢a2 = ¢33 = 0in C' = (¢i) = I3 —
2(I3; + WRW)~L. For existence, uniqueness and computation of the w; see formulas (3.1)
and (3.2) by Royen (1991).

Now we consider real two-factorial correlation matrices and four-variate gamma distributions. A
real two-factorial representation R = D~ + AAT ofa (p X p)-correlation matrix R with p > 4
is equivalent to a real two-factorial representation

R'=D+BB", B=(j),j=1,...,p, p=1,2. (34)

According to Lemma 2 of Royen (2007) a regular irreducible (4 x 4)-covariance matrix 32 with at
least four off-diagonal elements o, # 0 is real m-factorial with m < 2. Moreover, it is always
possible to obtain at most one negative element d; in D. Let X be two-factorial and (¢, 7, k, ¢)
any permutation of (1,2, 3,4) with 0;;0,,0;; # 0. Then

dy = Ok — Ok0k0,; + (ke — Oik0j00,; ) Ok — Ouojroy;")/lde — (00 — 0T j005;")].
For a real two-factorial R~! = (r**) we obtain with G* from (27) and the density f.,, given by
falp) = (sin*@)* ™' /B(1/2,a = 1/2), 0<p <7, a>1/2, (35)
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that

[ )
F(xy,...,xp;0,R) = \DR|_°“/ / HGZ (djxj,—dglhj(yl,y%go)) X
0o 0 o L=l
9o (Y1) 9a(y2) fo(p)dyrdy2dep, (36)
hi(yr, ya;0) = bhyr + by + 2b1bja/y1ya cos(p). (37)

If p = 4 in (36), one element d; in D - determining the remaining ones - can be chosen
within a certain set of possible values. Then B in BBT = R™! — D has rank 2 and is e.
g. available by the eigenvectors and the two eigenvalues A, Ay # 0 of R™* — D. If there
exists an index ¢, w.l.o.g. £ = p = 4, with a real one-factorial (3 x 3)-covariance matrix
(r7F) = (r7F — itk [ i e, T« jopes 77F1* # 0, then we can choose the limit value
d4 =0.ltis

limd G (dx,d'y) = nmL/ oF(a; Ey) exp(—d€)e"d¢
0

d—0 d—0 I'(«)
« a/2
- e ) = (2) T LyE)
Together with
bji = b= Sz’k\/§|7’ijl47’jk‘4/7”ik|4|1/2, Sik = Sgn(TikM), § = 512513823, ] < 3,
bj = (T4’4>_1/2Tj4,j S 37 b4’1 = 0, b4’2 =V 7”4’4,

dj = 17— b —bj,j <3, anddy =0

in (36) and (37), this leads to the representation

F(xy,...,z50,R) = (’R|de>_a/7r77

3
H GZ (djl’j7 —dj_lhj(yb Y2; 90)) X
j=1

J<3
(T(a+ 1)) a5 (o + 1, —r4’4x4y2)] X
9o (Y1) 9a(y2) fo(0)dy1dyadep. (38)

In the case of its existence we can also get formulas from a two-factorial representation R =
D14+ AAT, whichis equivalentto W RW = I,+BB" with D = W? = diag(w?, ..., w?) >
0, B=WA = (by,by) = (bj,,) and, w.l.o.g., b] by = 0 since BBT = UAY2AY2UT with
an orthogonal matrix U and A = diag(A1, A2, 0,0), where A1, Ay # 0. Then

s oo 0 4
F(z1,...,x4;0, R) = / //[HGa (wij,hj(yhy%@))] x
0o o L=t

0

ga(yl)ga(y2)dyld?/2> fa(@)dep. (39)
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If there exists an index ¢ - w.l.o.g. £ = 4 - with a one-factorial conditional covariance matrix
(Tjk\4) = (rjk; — Tj47ﬂk4)1§j,k§3 = W72 + GCLT, then, with bjl = wjaj and bjg = ’LUjTj4 in
(37) for 3 < 3, the cdf is given by

lis T4 0O g
F(zy,...,z450,R) = / // HGO‘ (w?xj,hj(yl,yQ;go))] X

o \o o L=l

ga(yl)ga(yz)dyldyz> fa(@)dep. (40)

For a numerical evaluation the formulas (39) and (40) are more favourable, but formulas (36)
and (38) are more general. They are supplemented by the following formulas for some special
cases. If ¥/ = ( then

F(x1, 20, R) = [(1=r2)*7 2T(a)T(a — 1/2)] " x

T oTp T
[ [ [T 0]
0 0 0 Lm=ij
exp (_yk + Y i?“ie;%@ COS(‘P)) (ykye sin? go)a_ldygdykdgo
= (1 —1%)" X

T wk/(l_riz) xZ/(l_Ti[)

/ / / [T Galor wm, (1 = 12)Qum) X

0 0 0 m=i,]
exp (27 ke/Yile c08(©)) g (Ye) 9o (Ur) fo (@) dyedyrdep, (41)

with fo, from (35), 02, = Opmmike = 1 — (Mo + Tonp — 27k mime) /(1 — 17,), and

0, — (k= TmeThe)* Y+ (Tme = TukTre) Yo + 2Pk — Trek) (Pt = Tonkhe) /UkYe €08()

o (1= 13,)?

m =1, j; see also Section 5 by Royen (1995).

Now let R~! = (1), or equivalently the “standardized" inverse
Q = (gi) = (™ /(r"r™)'/2) (42)

of R, be a tridiagonal matrix, possibly after a permutation of the variables. Then the I'y(a, R)-
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cdf is given by

F(xl,...,x4;oz,R |Q’C‘!/ / T x17q12y2) Gz (T44x47q§4y3) X
o Fy (a5 g332u3) H 9a(y:)dy:
=2
ax= (a+n—1Y ,,
o> (" )
n=0
22 33

ré<xo roSx3
/ G @1, 69Y) Jarn(y)dy / G2 (r™ 2y, G34Y) Gorn(y)dy
0 0

2n”

Q" <«
- BEY Y it

n=0 ni2+n23+n3zs=n i<j

4
[T+ N)Gayw, (ras), (43)
i=1

with

N1 = ni2, Ny = n1g + no3, N3 = nagg + niaa, Ny = ngy. (44)

If, after a suitable permutation, R itself is tridiagonal, then the I'4(«, R)-cdf is given by

F(I1,--~,9C4§OZ7R) = / / 5151, T%g?/z)Ga(M,—T§4?/3)0F1(a;7"33?/293)><

H(F(a + 1)) afo (o + 1 —xyi) ga(yi) dy

1=2

oo
at+n—1Y) 5, 2 2
S A ETR P —

3

2717]

=0
1
- WZ Z H OH—m] n”|><

n=0 niz+n23+nzs=n i<j

4
[1r(e+ NG (), (45)

i=1
with /V; as in (44) and
[e.e]
L (71,295 00, 7%) = / Gol(zy, —*y)(T(a+1)) 250 Fi(a+1; —22y) gasn(y)dy. (46)
0

For the case of r;; = 0,i # j, 1,5 # k, H#k rie 7 0, see (30). If ¢;; = 0,4 # j,4,j # k,
H#k ¢ir 7 0, then R is the limit case of a one-factorial correlation matrix with a real vector a,
ai — 1, see (26). Thus, all regular irreducible not real one-factorial (4 x 4)-correlation matrices

are included by formulas (36), (38) - (41), (43), (45), (26) and (30).
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For generalizations of (43) and (45) see Royen (1994). Namely, each symmetrical (p X p)-matrix
C' = (¢;j) can be mapped to a graph G(C') with vertices 1, ..., p and edges [, j] corresponding
to the non-zero ¢;;, @ # j. The matrix C'is of a “tree type* if G(C) is a spanning tree, meaning
that G(C') is connected with exactly p— 1 edges and therefore without cycles. If the standardized
inverse () from (42) has a tree type then we obtain the infinitely divisible I, (o, R)-cdf

2n1]

| tar
F(zy, ..., zp,0,R) = ZZ 11 W .
n 1<JQ1J5£0
p .
[Ir(a+ NG (ricy @
=1

with Nz = Z?:l Nijy Mg = Mg, Ny = 0, Nn;; = 0 if qij = 0, and the inner sums taken over all
decompositions . = Ziq n;;. This follows from the density

f(z1, .., xp;0, R) = |Q|QHT Go (" z;) H0F1 (c; 7% z,25),

=1 1<J
which was already derived by Blumenson and Miller (1963) for a tridiagonal R~!. For R of a
tree type we find the not infinitely divisible cdf

2n1 j

(21, 2i 0 R) —%ZZ 11 an)nw,ﬂrmm@aw( 7).

n=0 (n) i<y, 7‘”#0

(48)
6.3 Some formulas for Jensen’s multivariate gamma distribution
The bivariate cdf, derived from the Lt in (16), is given by
F(;Ul, T2, Rl, . ,Rl,> = F(l’l, L2171y .y T,,)
— Z a PG (21)GT) . (2) (49)
n T V v/24n\ 1 v/24n\"2)s
where a,, = a,,(r?,...,r?) is given by
- n, —1/2\ 5, ,
n = o or recursively b
o= S () "

ag = 1, apy1 = 2 1+1 Zan mz 2(m+1)

1/2
It (X1, X3) ~ Do, ..., 7)) and (Y, Ys) ~ Do(1/2, ) with r = (lfl > 7«3) then
Prla < X; <b,a< Xy <b)>Pr(a<Y1<b,a<Y;<0),0<a<b<oo, (50
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with the equal sign only for identical r,, = r, see Theorem 5 by Royen (2013b).

For the trivariate case we start from the Lt
H|13+R T = H V/2H|13+R U2, (51)
7=1 pn=1
_ -1 77 _ 4 _ _ -1
where z; = (1 +t;)~", U = diag(u1, ug, ug), and u; = 1 — z; = t;(1 +t;)~". For each
permutation (7, j, k) of (1,2, 3) we setr, ; = 7,,;x. Then we obtain

) o 1 .
I + R, U7/ = ZTN(U§ §’R“)’ Tp=1,T1 =0, (52)
N=0

with Taylor polynomials

T 1N - (27@)'7’% " n;
o= () Z H 2”Jn].(N—2nj)!uj

ni4nz+nz=N, n;<[N/2] j=1

8 @m—m))rd pem,
Z H on—Tm; '“27 luj 7’ N = 2n 2 27
_ mi+mao+mg=n j=1 (n—my)!(2m;)! 63
B 5 @—m))r T (53)
- J13%] 7 .
2 I =iy » N=2n+123

mi1+mo+mz=n—1j =1

For dimension p = 3 these formulas follow from formula (11) by Royen (1997). At least for a
low degree of freedom we can compute the Taylor polynomials 7, in the expansion

[[1+RUT? = 14) T.(UiRi,....R)

pn=1 n=2
e

- Zt(nlan%n:i,Rl,...,R )U?IUSQUQS (54)
n=0 (n)

by direct multiplication of the Taylor series in (52), and find by inversion of the Lt, followed by
termwise integration, that

3
F(x1>x27x3;R17”'77 HGV/2 Ty +ZZ n17n27n37R17”'7R )
j=1 n=2 (n)
3
HGV/2+7L (55)
7j=1

These series are absolutely convergent if

3 3
maX{HRuH,l <u< V} <l maX{Zriﬁj —|—2H|rw-|,1 <u< 1/} < 1.
j=1

J=1

21



A modified computation uses
3

s+ RU| = 1-C(U;R,) =1—Cu, Gu= Zrizku,uk — QHTMuj, (57)

i<k j=1
. 1 & : I _
\Is + R, U|™Y? = exp (5 Z(—l)NN_ltr(R“U)N) = exp (5271 ICZZ)
N=1 n=1

and therefore

n9 n3
_ . n (ng -+ ns — 1
N (R, U)N = Z ons e Z ro Uil 1;[ o

2no+3n3=N i<k
( in(m;)
min(m.
Z Z] 227 (n—m—1)! 3 2m; n—m;
3 ‘ w3 g )
mi1+ma+mz=n m=0 (2m)! [T (m;j—m)! | j=1
= = (58)
min(m;) 3
22m+1(n—m—1)! 2mj+1 n—m;
> > 3 [1 i U
mi1+ma+mz=n—1 m=0 (2m+1)! [T (mj—m)! | j=1
j=1

Jj=

for N = 2n > 2 (upper branch in (58)) and N = 2n + 1 > 3 (lower branch in (58)),
respectively. Then, the Taylor polynomials in (54) are computed recursively by

1 " v .
To=1T,=0 T, 1= —— Toem > (=R, U™ n>1. 59
0 , 11 s It 2(n+1)m221 Z"( WU) n > (59)

Utilizing Jensen’s original trivariate series for the I'3( Ry, ..., R,)-pdf (Section 3 by Jensen
(1970)), we obtain from

115+ RU2?= HZ( 1/2) =Y QuU;Ri,...R,)
n=0

pn=1 p=1n=0
with inhomogeneous polynomials

3
ZH (n# 1/2>Cn” = Z Qn<n17n27n37R17'“’RV)Hqu

(n) p=1 2n<30, np<3n k=1

computed recursively by

QO_]- Qn-l—l +1 ZQn mZCerl

the series

w

F(xy, 29,23 Ry,...,R)) = H Gyjo(xr) +
k=1

Z Z qn(nl,...,np,Rl,...,R,,) X

n=12n<3", np<3n

3
[TGos., @ (60)

k=1
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(0.)

The outer series Y S, in (60) with the inner sums .S,, viewed as single terms is convergent
n=1

under the condition

ax (Sup{|C(U; R,)| : U = diag(uy, ug, us), ux = —ity(1 —ity) "L, t), € R}) <1,
SUSV
(61)

with ((U; RM) as in (57). For dimensions p > 3 see Theorem 4 by Royen (2013b). This condi-
tion is weaker than (56), but for numerical evaluations (55) is more suitable.

Three always absolutely convergent series for Jensen's I',( Ry, ..., R, )-cdf follow from the gen-
eral formulas in Theorem 1 of Royen (2013b) for convolutions of differently scaled multivariate
gamma distributions (I', (a1, ..., @, 31, ..., 3, )-distributions). The Lt in (16) can be written in
three ways:

v P v
115+ R 2 =T ] c/?I, — C.Y |72, Y = diag(yr, -y ), (62)
p=1

k=1 p=1

where, alternatively,

Y=U C,=1,—vR,, c, =1, (63a)
Y=2 C,=1,— (vR,)™", c,=|I,— Cll, (63b)
Y=Q, C,=1,-2,+vR,)", ¢, = |I, — C,l, (63c)
and z, = (14+v ") up = 1— 25, wp = 2zx —ug, k = 1,..., p. If R, has the eigenvalues

A,k We obtain with

)\min = min{)\,u,k; 1 < 1% < v, 1 < k < p} > 07 )\max = max )\u,ka U= >\min/)\max

(64)
that, respectively,
max ||C,|| = (1—1)/(1+9)withv = 2(Amin + Amax) " (65a)
max ||C,|| = (1—=9)/(1+9)withv = (A_i, + Anne)/2 (65b)
max ||C,|| = (1-— 191/2)/(1 + 191/2) with v = ()\min)\max)_lﬂ. (65¢)

Remark 6.1. With suitable values of the scaling factors v also C,, > 0 and ||C,,|| < 1 can be
accomplished.

For p = 3, we now obtain from —3% 21 log |I;—C,Y| = 21 = 21 tr(C,Y')™ and by setting
m= u=

H:
Y, C, and ¢, as in (63a), (63b) and (63c), respectively, the three series

v 3 00
H \Is + R, T|7V/? = ( ci/2> (H ZZ/2> ZTn(Y; Ch, ..., Cy),
m

AN

p=1 =1 k=1 n=0

1 n 14
To=1T1=—-—> Tom ) tr(C,Y)" n>0,
0 y Lol 2(n+1)m:0 ;7’( WY) n =
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with Taylor polynomials

3
T, = t(n1,n27n35017---701/)Hylzk
(n)

and consequently the three corresponding always absolutely convergent series for the
[3(Ry, ..., R,)-cdf, given by

v 00 3
F($1,$2,x3;R1,--.,Ry) - 61/2 t(nth,ng;Ol,...,OV) FV/Q,nk(ka))
n
pn=1 n=0 (n)

k=1
(66)
where we respectively take
Fon = G, from (18), (67a)
Fon = Gagpfrom (17), (67b)
Fon, = H,, from(19). (67¢)

For numerical evaluations a high number of the polynomials tr(C,Y")™ is available by computer
algebra systems. Alternatively, we can also obtain the polynomials

n—1

tr(CY)"™ = (n+ 1)T,yq — Z Ty mtr(CY )"

m=0

recursively from

—1 00
I, —CY|™! = [ (tr (CY) — Z \Cirlyiye + ]C|y1y2y3>] = ZTn(Y; 1,0),
n=0

i<k

where |Czk| = CijiCkr — szk’ TO = 1, T1 = tl’(CY),

T, = (r(CY)) Z |Cir|yiyr = Z Ckkyk + Z CiiCrk + Czk Yilk,

i<k i<k

Thy1 = Tw(CY)—T,4 Z |Ci|vive + Tr—2|C|y1y2ys, n > 2.

i<k
More explicitly, but less useful, we have for p = 3 that

T.Y;1,C) =
o (n1 “+ ng + ng)' . na .
>yt oy (3 v (Cluass)

ni1+2ng9+3nz=n i<k

and n~1tr(CY)™ is obtained if (n; + no + n3)! is replaced by (n; + ny + ng — 1)!.

In particular, for v = 2 degrees of freedom a bivariate integral representation for Jensen’s
p-variate gamma cdf is obtained as a special case from Theorem 3 by Royen (2013b) with
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one-factorial (p X p)-correlation matrices R, = diag(...,1 — afw, )+ aﬂ = 1,2,
Then

ai;9 a5:Y2
F(ﬂfl,...,flj'p;Rl’Rg) = // HeXp (_1 15 = - 2j s ) %
0 o L=t a0y

2
x.
Pn(ylny;a2'7a2’)Gl+n( . 4 ) g1 2(y )
TLZ% 150725 mm(l—a%j,l—a%j) }_[1 /249
4 [o oo o) P e
;//[H Pn y17y27a1j7a2]) X
0o o Li=ln=0
I.
Giin 2 )dy,.,
I+ <min(1—a%j;1 Clzg )] HeXp uyu o

p
where \, = 1 + Zlaiyj (I—-a’;)>0and
=

n—k1—ka
L2 2y 1)/2 n—k —1/2\¢q (1_%)
Pn(y17y2aa1j7a2j) = 4 Z ( k;2 ]{31”{?2. %

n — k’l
0<k1+k2<n

k k
( a%jyl ) ' ( a%jy2 ) ’

if ¢ = min(1 — a%j, 1-— a%j)/max(l - a%j, 1— agj) =(1- a%j)/(l - a%j).

Otherwise, (" ki-1/ 2)qj has to be replaced by (’;i’flilgzz)qfl

6.4 A series for the generalized multivariate chi-square distribution from
Definition 5.1

The p-variate generalized chi-square distribution from Definition 5.1 has the Lt

|1, + 2RT|~*/? (69)
withy = v + ...+, T =11, ® ... 1,1, and aregular (v x v)-correlation matrix 12
with diagonal blocks I?;; = I,,, and off-diagonal blocks I2;j.

For p = 2 and v; < 15 the corresponding cdf is given by
Iy X2
272"

n n X2
= Zan(r%&lv Ty Vl)Gl(/l/2+n ( > GI(/2/2+71 <?) )
n=0

with the canonical correlations 7121, ..., 712, Of R15 which are the roots of the eigenvalues of
R15R51, and the coefficients a,, as in (49); see, e. g., Section 5 of Royen (2013b). For v; = v,
this distribution coincides with a bivariate chi-square distribution of Jensen’s type.

Prixi <@, x5 <x9; Ria} = F < 12,1 '”’m”“) o

25

dy,

(68)



For p = 3 a series for the cdf, suitable for actual computations, seems to be feasible at most
for very small degrees of freedom v/, for instance for the distribution discussed at the end of
Section 4 where 11 = 15 = v3 = 2. For an approximation see the end of Section 6.5.

With C' = I, — vR, ||C]| < 1, (e. g v = 2(Amin + Amax) * With the maximal and the
minimal eigenvalue of R), the principal minor arrays C'; of C' with indices 7, j from .J, where
0+#JCA{L,..,v}and U = uil,, ®usl,, ®usly,, u; =20~ ;(14 207 ¢;) !, we obtain
from the polynomial

I, = CU| =1=> Dy(ur,us,u3;,C), Dy = (=1)*" D |Cy] - U]

k=1 size(J)=k

min (v,n)
the Taylor polynomials P, = Y. Dy P, in the expansion
k=1

’[l, — CU‘il =1 + an(ulau%uiS; C)?

n=1
and then again recursively the Taylor polynomials

3

Tn(U1,U2,U3;O) = t(”l?”?an3;c) UT'Lj
J

(n) j=1
in .
‘]V — C(Uv|_1/2 =1+ ZTn(uh Uz, U3; 0)7
n=1
namely by
=P, Tom = 5(Pon = Tp) — > TiTomt, Tomsr = g Pomi1 = > il
k=1 k=1

Transforming the Lt given in (69) into (H?Zl z;-jjm) |1, — CU|™Y? with z; = (1+2v71,) 7,

the absolutely convergent series

Prixt < o108 S @2 d Sag R} = 0t me,ns O T[ 60, (525) @70

n=0 (n) j=1

follows by inversion and termwise integration.

6.5 Some approximations
In this section we are mainly interested in approximations for small exceedance probabilities
p =1— Fy(z,...,z;a, R). Notice that setting x = ¢; leads to the multiplicity-adjusted p-

values defined in (1). For the more general distributions from Sections 6.3 and 6.4 only the
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three-variate case is considered here. Classical conservative approximations make use of re-
fined Bonferroni inequalities with marginal distributions of low orders or sometimes - under the
required assumptions - the “product-type probability bounds” of Glaz and Johnson (1984) and
Block et al. (1992), cf. our respective remarks at the end of Section 4. However, frequently com-
paratively large differences between the true p-values and the approximated ones resulting from
the aforementioned bounds are the price for guaranteed conservatism (i. e., strict control of the
multiple type | error level). Here, a different method from Royen (2013a) is presented, providing
very accurate approximations of the probability p for many correlation matrices R. It is based
on the following two formulas (73) and (75) for the I',(«v, R)-cdf. Let R be the special regular

(p X p)-correlation matrix
Ry R
(Rzl R22) 72

with a (¢ x g)-submatrix Ry, for ¢ > 2, p — ¢ > 2, and with identical correlations r; > 0,
ro > 0 and r within the corresponding submatrices R, R2 and Ry,. If r? < ryry then

© k1N o
F(z1,...,xp;0, R) = Z( k ) (7’17“2)kx

k=0
1 xI; ™y ( )
o7 LV () 9a
11¢ (1_7,1,1_T1>] ko (¥)9a(y)dy X

Lj=1

- |
11 Ga( Tj Ty )] LY () ga(y)dy.  (73)

Lot 1—7“27]_—7“2

/
/

Now, we regard F'(x1,...,,xy; a, R), p > 4, as a function of the (general) correlation matrix
R = (rix) = Ro+ H, H = (hy), and approximate it by a Taylor polynomial of second degree
with a one-factorial correlation matrix Ry if (p(p— 1)) 'tr(H?) < h2 . with a sufficiently small
value 12, e. g, h?,. < 0.01. For the computation of Ry, the general Taylor formula and
numerical examples up to dimension p = 10 see Royen (2013a). Here only the special case is

given where

- - 2
Ry=(1—r)L,+rI1", 1:(1,...,1)T,r:—1 > ra (74)

and consequently

2
( 2 hik) = Hy+ Hy+Hy =0, Hy=) I,

1<i<k<p i<k

Hy = ) hihum, Hy=—Hy — Hy.
i<k, f<m
{i,k}n{L,m}=0

Then, with identical x; = z,

x ry o x rYy
F = Ga ) y Jn = Ga n ) ) =1,2,
(1—7’ 1—7“) 4 dan ot <1—r 1—7“) "
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and the coefficients

o0

“ = / (aff = 2ryfifo + 20y f3)FP % ga(y)dy,

0

b = —r/ff(fl — 2ry f2) FP %y ga(y)dy,
0

c = 2r2/fl4Fp_4yzga(y)dy,
0
we obtain the Taylor polynomial
Ty(zx;a,r, H) = /Fpga )dy + aHy + bH3 + cH, (75)
0

and the approximation

Fy(z,...,z;a, R= Ry + H) = Ty(x;a,1, H), (76)
which is in particularly useful for larger values of . Besides, F),(z, ..., z; o, R), where « > 1/2
and p > 3, has - as a function of R - a local minimum at R = R, from (74), at least for r > 0
anda + (p — 4)b — (p — 3)c > 0, see Theorem 3 of Royen (2013a). Frequently, the latter
condition can already be verified by a plot of the corresponding integrand.

Now suppose that I - possibly after a suitable renumbering of the variables - has a partitioned
form as in (72) with two blocks By = {1,...,b1}, By = {b; + 1, ...,b1 + by = p} of indices,
mean correlations 1, > 0 of R, 1 = 1,2, and a mean correlation 7 of ;5 with r? < ryry.
Then, with Pg, (z) := Pr{max X; < x,j € B,;a, Ry} and

a+k—1\" r x Ty b (a—1)
Ck:(xS «, b/uru) = L Ga 1—r1—r Lk (y)ga(y)dy7
Iz Ju
0

the approximation

Fy(z,...,z;a,R) = Ppup,(x)~ Pp,(z)Pp,(x) +
“fa+k—1\ r*
Z ( k ) ( Cr (5 0, by, 1)k (25 0, bo, 1) (77)

k=1 rira)®

with an always positive series is proposed if the PBH (x) are computable by an exact represen-
tation. The corresponding hypothetical inequality with “>* instead of “~* seems to be frequently
satisfied, but presumably it holds true only under additional assumptions. It should be noted,
that not even the inequality Pg, g, (z) > Pg, (x)Pg,(z), following from the famous Gaussian
correlation conjecture, has been proved until now for all R.
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If PBN (x) in (77) is not computable by an exact representation then it should be replaced by
the best available approximation PBM (x). This can be a Taylor approximation as in (76) if the
correlations in 17, have a sufficiently low variability or the more general Taylor approximation
with a one-factorial Ry, in R, = Ro,, + H,,. Royen (2007) has described such Taylor
approximations with a “low-factorial R in a general form, but even the search for a two-factorial
approximation R, of R and in particular the computation of the resulting Taylor polynomials by
three-variate integrals is rather intricate. However, very frequently a (5 x 5)-correlation matrix
R can be approximated rather accurately by a two-factorial Ry. Then, the additional correction
terms of the Taylor polynomial may be dropped in many cases.

The approximation JSBH (x) can also be obtained by a further decomposition of B, into two
smaller blocks B,,1, B2 and application of (77) to Pp,,, Pg,, or Pgp,,, Pp,,, but more than
one such iterated application of (77) is not recommended in general.

nl?

The I'p(a, R)-distribution can also be used for an approximation of Jensen’s I',(Ry, ..., R, )-
distribution. A generalization of inequality (50) is not proved here, but for p = 3 and at least for
correlation matrices I?,, with 7, 127, 137,23 > 0, 1 < pu < v, the approximation

p:=1—F(z,z,2;Ry,...,R,) ~ 1 — F(z,z,2;v/2, R) (78)

1/2

12

with R = (rg.), T, = (1/‘1 > Zk) , 1 # k, is recommended for small exceedance
p=1

probabilities. That R is always a correlation matrix follows from the convexity of the intersection
of the unit cube with the body whose surface is determined by the singular correlation matrices
C with correlations /, \/y, /2 and the equation |C| = 1 + 2,/zyz —z —y — 2z = 0.

For the more general three-variate 2-distribution with Lt given in (69), now with v, = vy =
v3 = v and the (3v x 3v)-correlation matrix R with the diagonal blocks R;; = I,, and the off-
diagonal blocks Rix, 1 < i,k < 3,1 # k, small values of Pr{max x? > z,j = 1,2, 3;v, R}
can be approximated by 1 — F'(z/2,2/2,x/2; Ry, ..., R,), provided that all the symmetrical
(3 x 3)-matrices R, = (), T = 1 containing the canonical correlations (i. e., singular
values) r,, ;. of the R;;, are positive definite. Afterwards, approximation (78) can be applied.

7 Concluding Remarks

We have demonstrated the relevance of three types of multivariate chi-square distributions for a
variety of multiple test problems. Our computational methods allow for addressing these prob-
lems by multivariate methods, meaning that the joint (limiting) distribution of test statistics is
employed for the calibration of a multiple test with respect to type | error control, rather than
just the marginal distributions like, for instance, in a Bonferroni or a Sidak correction. Since
chi-square distributed random variables are necessarily non-negatively correlated, it is to be
expected that the utilization of their joint distribution will typically lead to a better exhaustion of
the FWER level and, due to the structure of the decision rule, to higher power in comparison
with the latter margin-based approaches.

Up to present, the drawback of the computational methods described in Sections 6.2 - 6.4 is
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that they are only feasible for low dimensions p < 4. However, statistical methodology for mul-
tiple test problems with m > 4 hypotheses can also profit from these methods. Namely, the
me-variate limiting joint distribution of test statistics under the global hypothesis can be approxi-
mated conservatively by probability bounds of sum- or product-type, as outlined in Section 4 and
Section 6.5, which only require the computation of p-variate marginal chi-square probabilities
for p < m. For instance, computer simulations (not shown here) under the model considered
in Section 4 indicate that product-type probability bounds of order 4 in the sense of Block et al.
(1992) often approximate the true p-value already markedly tighter than a simple Bonferroni or
Sidak correction, at least if pronounced correlations are present among test statistics. Such pro-
nounced correlations typically occur in modern applications from the life sciences like genetic
association studies (strong linkage disequilibrium among genetic markers), gene expression
studies (co-activation of several genes), or functional magnetic resonance imaging (highly cor-
related voxels within regions of interest); cf.,, e. g., Part Il of Dickhaus (2014) and references
therein. Furthermore, formula (77) - in combination with the Taylor approximation from (76)
where appropriate - has turned out to be accurate for small exceedance probabilities at least for
dimensions p < 12, albeit conservativity in terms of strict FWER control is not guaranteed.

Future work will aim at implementing the formulas given in Section 6 into easy-to-access soft-
ware for practitioners, with special emphasis on user-friendlyness.
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