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It is shown that each multivariate normal model determined by lattice con-
ditional independence (LCI) restrictions on the covariances may be extended in
a natural way to a normal linear model with corresponding lattice restrictions
on the means. For these extended models it remains true that the likelihood
function (LF) and parameter space (PS) can be factored into the products of
conditional LF’s and PS’s, respectively, each factor being the LF or PS of an
ordinary multivariate normal linear regression model, from which maximum like-
lihood estimators and likelihood ratio test statistics are readily obtained. This
extends the classical MANOVA and GMANOVA models, where the linear re-
strictions on the means are less general but where no restrictions are imposed
on the covariances. It is shown how a collection of nonnested dependent normal
linear regression models may be combined into a single linear model by imposing

a parsimonious set of LCI restrictions.

1. Introduction.  This paper is part of an ongoing study of the
structure and analysis of multivariate normal statistical models defined by
algebraic conditions on the means and/or covariances.

Because conditional independence (CI) plays an increasingly important
role in statistical model building, it is of interest to study CI models with
tractable statistical properties and to develop methods for testing one such
model against another. Andersson and Perlman (1993a, b) have introduced a
class of multivariate normal models defined by pairwise lattice conditional
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independence (LCI) restrictions on the covariance structure.!) The LCI model
N(K) is defined to be the set of all nonsingular normal distributions N(0,%)
on IR! with mean 0 such that

rrllay I TLAM, VLM e K, (]..1)

i.e., 7, and zps are CI given :L'LnMZ). Here K is a ring of subsets (hence a
finite distributive lattice) of the finite index set I such that ¢,I € K and, for
K € K,z is the coordinate projection of z € IR’ onto IR¥. Let P(K) denote
the set of all I x I positive definite covariance matrices ¥ that satisfy the CI
restrictions (1.1) determined by K3).

For the model N(K), the likelihood function (LF) and parameter space
(PS) can be factored into the products of conditional LF’s and PS’s, respec-
tively, each factor being the LF or PS of an ordinary multivariate normal linear
regression model for which MLE’s and LRT’s may be obtained by standard lin-
ear methods. The products are indexed by J(K), the poset of join-irreducible
elements of K. The collection of regression parameters is called the family
of K-parameters of the covariance matrix X, and these uniquely determine ¥
when ¥ € P(K). These definitions and results will be reviewed in Section 2.

Example 1.1. Let I = 123 and K = {¢,1,12,13,123} — cf. Figure

1.1. Under the LCI model N(K),zy 1Lz | 1. The join-irreducible elements of

K are 1, 12, and 13, and the K-parameters of the 3 X 3 covariance matrix ¥
are given by

(Z11, Za2h Sa21, a0, Za3a), (1.2)

which uniquely determine ¥ under the LCI model. If z ~ N(0,X) then the
density of  can be factored as follows:

f(z) = f(z1)f(z2 | z1) f(23 | 21), (1.3)

where f(z2 | z1) and f(z3 | 1) are ordinary normal linear regression models,
from which the MLE’s of the K-parameters in (1.1) easily can be derived. g

In the general case, many of the statistical properties of the LCI model
N(K) are derived via the properties of an algebra M(K) of generalized block-
triangular I X I matrices with additional structure determined by the lattice
K (see Section 3). The group of nonsingular matrices in this algebra preserves

1) The LCI restrictions arise naturally in the analysis of non-monotone multivariate missing
data patterns — see Andersson and Perlman (1991).

2) If LNM = ¢ then this condition reduces to z7, 1L Z ps, ice., Zf, and T M are independent.
3) When K is a chain, (1.1) is trivially satisfied and P(K) = P([), the set of all I X [
positive definite covariance matrices. In Andersson and Perlman (1991), P(IC) and M(IC)
were denoted by P K;(I ) and M)C(I ), respectively.
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and acts transitively on the class of all covariance matrices in the model N (KX).
For example, if K is the lattice in Figure 1.1 then M(K) consists of all 3 x 3

matrices of the form
aii 0 0
A= a1 a2 0 . ( 1.4)

Each LCI model N(K) is determined by CI restrictions on the covariances.
In the present paper (see Section 4) we show that the LCI model consisting
of n i.i.d. observations from N(0,%) € N(K) may be extended in the follow-
ing natural way to a normal linear model N(U,K), called a K-linear model,
determined by corresponding restrictions on the means as well.

123

12 13

)

Figure 1.1
The lattice K

The model N(U, K) consists of one observation of the I x N random matrix
y~ N(u,2®IN), where N = {1,--- ,n} and 1x is the N X N identity matrix.
It is assumed that ¥ € P(K) and p € U, where U is assumed to satisfy the
condition M(K)U C U, i.e., U is an M(K)-invariant linear subspace (often
abbreviated to K-subspace) of the observation space M(I x N), the set of all
I x N matrices. This generalizes the classical MANOVA and GMANOVA
models where K is a chain, M(K) is an algebra of block-triangular matrices in
the usual sense, and X is unrestricted (see Andersson, Marden and Perlman
(1994).

With I = 123 and K = the lattice in Figure 1.1, Figure 1.2 gives an
example of a K-subspace U C M(I X N). In this example, unshaded regions
indicate blocks of 0’s while shaded regions indicate unrestricted blocks. With
M(K) consisting of all matrices of the form (1.4), it is easily verified that the
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condition M(K)U C U is satisfied. Other examples of M(K)-subspaces appear
in Example 6.2.

Figure 1.2
An M(K)-invariant subspace U of M(I x N)

Of course, while the linear conditions imposed on the matrix of means
i by the K-subspace U are more general that those that occur in MANOVA
or GMANOVA (as seen in Figure 1.2), the K-linear model N(U,K) imposes
non-trivial LCI restrictions on the covariance X.

For the model N(U, K) it is again true (Section 5) that the LF and PS can
be factored into the products (again indexed by J(K)) of conditional LF’s and
PS’s, respectively, each factor being the LF or PS of an ordinary multivariate
normal linear regression model, from which the MLE’s are readily obtained.
Furthermore, as will be shown elsewhere, it is then straightforward to obtain
the likelihood ratio (LR) statistic for testing between two K-subspaces Uy C U
for the mean y under the assumption ¥ € P(K). This generalizes the classical
MANOVA and GMANOVA testing problems in several directions, yet should
have a similarly tractable solution.

Lastly, in applications one may be presented with a collection of nonnested
possibly dependent normal linear regression models that determine a subspace
U of M(I x N). In Section 6 we show how to determine the minimal lattice
K(U) such that these regression models can be combined into a single (U)-
linear model N(U,K(U)). The procedure is similar to that in Andersson and
Perlman (1991), where it is shown how a nonnested missing data pattern de-
termines a minimal LCI model such that the likelihood function factors into
a product of linear regression models.

)

2.  Factorization of the Likelihood Function under the LCI
Model N(K). For any finite index sets S and T let M(S x T) denote the
vector space of all real §' X T' matrices and P(S) the cone of all real positive
definite S x S matrices. The factorizations of the LF and PS of the LCI
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model N(K) require that each y € M(I x N) and each ¥ € P(K) C P(I)
be partitioned according to the poset J(K) of join-irreducible elements of the
lattice K, whose definition we now review (see also Andersson and Perlman
(1993a)).

For K € K, K # ¢, define

(K):=UK'e K| K'C K),
K] = K\(K),

where C indicates strict inclusion, so that K is the disjoint union
K = (K)U[K], (2.1)
The poset J(K) of join-irreducible elements of K is then defined as follows:
JIK)={K €K | K # ¢,(K) C K}.
Then every set K € K may be decomposed as the disjoint union
K=U(K'| K'e J(K),K' C K) (2.2)
(cf. Proposition 2.1 of [AP] (1993a)); in particular,
I =U([K]| K € J(K)). (2.3)

Thus, each matrix y € M (I X N) may be uniquely partitioned according to
the decomposition (2.3) as

y = (yx | K € J(K)), (24)

where, for any subset S C I, ys € M(S X N) is the § X N submatrix of y.

For any ¥ € P(I) and any § C I, let £5 € P(S) denote the § x S
submatrix of ¥ and let Egl denote (X5)~!. For K € K partition L according
to (2.1) as follows:

Sy B
s (Zm Zx ) , 2.5
K ( Siky  Dik] (25)

SO E(K) S P((K)),E[K] € P([K]), E[K) € M([I(] X (K)), and Z(K] = (E[K))t.
Furthermore, define

Six)- = Sir1x) = k) — Six)y Sy Sex) € P((K]) (2.6)

and let 2[_1(}]- denote (Xikj.)~!. It follows from Theorem 2.1 (ii) of Andersson
and Perlman (1993a) that for every y € M(I x N) and ¥ € P(K),

tr(S7yyt) = ) (S (vim) — Sy By ¥y ) (- )) | K € J(K)). (2.7)
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For ¥ € P(I), the family of matrices

(S E@y Six)) | K € J(K) = (Rixy, M) | K € J(K))  (28)

is the family of K-parameters of £. By Theorem 2.2 of Andersson and Perlman
(1993a) the mapping

P(K) — x (M([K] x (K)) x P([K]) | K € J(K))

(2.9)
S = ((BxyAxy) | K € J(K))

is a bijection, hence represents the parameter space P(K) as a product of the
spaces of the K-parameters. Thus, every ¥ € P(K) is uniquely determined by
its K-parameters.

Now consider n independent, identically distributed (i.i.d.) observations

z1, -+ ,&n from the LCI model N(K) and denote the matrix of observations
by v, i.e.,
y:= (1, ,2,) € M(I X N), (2.10)
where N = {1,---,n}. For K € J(K) partition yx according to (2.1) as
follows:
K = (y“{)) (2.11)
YK

By (2.7) and Lemma 2.5 of Andersson and Perlman (1993a), the likelihood
function for the model N(K) has the following factorization:

P(K) x M(I x N) —(0, 00)
(, y) —(det (2))™/? - exp (~tr(Zyy")/2)

= TI((det(Aq)) ™/ exp(=r(Agg) () — Ruaeyuea))(--))/2) | K € "),

Note that the K-th factor in this product is the density for the conditional
distribution of y;x] given y(k), which is that of a standard normal linear re-

gression model. Furthermore, the parameter space P(K) has the factorization
(2.9). It follows that the MLE X(y) exists and is unique for a.e. y iff

n > max {|[(K)| + |[K]| | K € J(K)} = max {| K| | K € J(K)}, (2.13)

where | K| denotes the number of elements in K. In this case the K-parameters
of f)(y) are determined explicitly from the usual formulas for regression esti-
mators (Andersson and Perlman (1993a), §3.1), then f)(y) itself may be recon-
structed from these K-parameters by the algorithm in Andersson and Perlman
(1993a), §2.7.

3. Generalized Block-triangular Matrices with Lattice Struc-
ture. For any matrix A € M(I) := M({ x I) and any two subsets L, M €
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J(K), let A[pp denote the [L] x [M] submatrix of A. Thus each A € M(I)
may be partitioned into blocks according to the decomposition (2.3) as

A= (A | LM € J(K)), (3.1)

By Proposition 2.3 of Andersson and Perlman (1993a), for any A € M(I) the
following three conditions on A are equivalent:

()Vzee RIVLeK:2, =0= (Az)L =0;

(i) Ve e RI,VL € K : (Az)L = ALzL;

(i) VLLMeJK): MZL=> AiLav = 0.

Let M(K) denote the set of all A € M(J) that satisfy the equivalent
conditions (i), (ii), (iii) (also see Footnote 3). By (i), M(K) is a matrix algebra,
i.e., is closed under addition and multiplication, and contains the identity 1;.
If K is a chain of subsets of I (i.e., K is totally ordered under inclusion),
then by (3.1) and (iii), M(K) is just the algebra of all lower block-triangular
matrices. For general K, however, M(K) must satisfy additional restrictions
determined by (i)—(iii) (e.g., see (1.4)).

For K € K and A € M([) let Ax denote the K x K submatrix of A and
partition A according to (2.1) and (2.5) as follows:

A A
Ag = | O <K1) ; 3.2
" (A[m Aix) (32)
note that Ajx) = Ajgk) when K € J(K). By (ii), if A € M(K) then VK €
J(K),Vz € R,

A(K] = 0, (33)
(Az)ix) =Ak)12 (K] + AlK)Z(K)- (3.4)

Furthermore, it follows from (iii) that the linear mapping

M(K) — x (M([K] x (K)) x M([K]) | K € J(K))

A= ((Aigy, Ay | K € J(K)) (3.5)

is a bijection.

4. Mean Value Hypotheses under LCI Restrictions. We now
show how the LCI model consisting of n i.i.d. observations from N(0,X) €
N(K) may be extended to a K-linear model N(U, K) with corresponding linear
restrictions on the means.

A subspace V C M(S X N) is called a MANOVA subspaceif M(S)V C V.
Since 1s € M(S), this is equivalent to the condition M(S)V = V. Note that
any subspace of the form

V ={BZ|BeM( xT)} (4.1)
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is a MANOVA subspace, where T is a finite index set and Z € M(T X N) is
a fixed design matrix. It can be shown (cf. Andersson, Marden, and Perlman
(1994)) that every MANOVA subspace V of M($ x N) has the form (4.1)
for some T and Z. It then follows that for any MANOVA subspace V' there
exists a unique projection matrix P € M(N) (i.e., P = P? = P') such that
V = M(S x N)P; note that dim (V) = |S| rank (P) = |S|tr (P). [P is simply
the projection onto the row space Row (Z) of Z.]

DEFINITION 4.1. A subspace U C M(I x N) is an M(K)-invariant
subspace (= K-subspace) if
M(K)U C U, (4.2)

or, equivalently, if M(K)U = U. The corresponding K-linear model N (U, K)
is defined as

N(U,K) ={N(,Z®1n) | €U, T € P(K)}. (43)

Thus, under the model N(U,K) we observe y as in (2.10), where the
columns zj,---,z, are independent (but no longer identically distributed)
normal random vectors with common covariance matrix ¥ € M(K), while
E(yy=pel.

For any subspace U C M(I X N) and K € J(K) define the two subspaces
(cf. (2.11))

Uk ={yix) | y € U} € M([K] X N),
Uy ={yxy |y € U} S M((K) X N).

Thus we have the natural linear embedding

U — x(Ux | K € J(K)), (4.4)

y =~ (ux | K € J(K)). (4.5)

Note that A € M(K) acts on x(Ujk) | K € J(K)) in accordance with

the partitionings (3.1) and (4.5). The following basic characterization of a

K-subspace can be derived from (3.3) and (3.4) (see Andersson, Marden, and
Perlman (1994) for the case where K is a chain):

THEOREM 4.2. A subspace U C M(I x N) is a K-subspace if and only
if it satisfies the following three conditions:

(i) U = x(Uik) | K € J(K)), i.e., (4.4) is a bijection;
(i) VK € J(K),Uik) is a MANOVA subspace of M([K] X N);
(iii) VK € J(K), M(K] x {K))Uxy € Uire.



STEEN A. ANDERSSON and MICHAEL D. PERLMAN 105

REMARK 4.3. By (2.2) with K replaced by (K), conditions (i), (ii),
and (iii) in Theorem 4.2 are equivalent to conditions (i) and (iv);

(lV) VK, K' € J(IC) with K' g I(, M([K] X [I(’])U[KI] Q U[K].

REMARK 4.4. By (4.1) and by (2.2) with K replaced by (K), conditions
(ii) and (iii) of Theorem 4.2 may stated in the following equivalent forms:

(i)' VK € J(K) there exists a finite index set Tx and a fixed design
matrix Zg € M(Tx X N) such that Ux) = {8Zk | B € M([K] x Tk)}.

(ii) VK, K' € J(K) with K' C K, Row(Zg') CRow(Zk); ie., AW =
W(ZK,ZKI) € M(TKI X TK) such that Zg = WZk.

5. Factorization of the likelihood function under the K-linear
model N(U,K). For any y,u € M(I X N) and ¥ € P(K), extend the identity
(2.7) as follows:

2(Z7H(y - w)(y - ') =
> (tx(S. (vim) = sy = Biy By (Weaey = )+ | K € J(K)). (5.1)

For any pair (u,¥) € M(I X N) x P(I), the family of matrices

(k) = Sy Zigymeys Si)Sigy Zixp) | K € J(K))
=:((§x)» Bixy, Aixy) | K € J(K)) (5.2)

is called the family of K-parameters of (¢, ). From (2.9) and Theorem 4.2 (i)
and (iii) we obtain the following factorization of the parameter space of the
K-linear model N(U, K).

THEOREM 5.1. Let U be a K-subspace of M(I X N'). Then the mapping
UxP(K) = x (U xM([K] x (K)) x P([K]) | K € J(K))
(X)) = ((¢k)» Bixy Axy) | K € J(K))

is a bijection, hence represents the parameter space U X P(K) of the K-linear
model N(U,K) as a product of the spaces of the K-parameters. Thus, every
pair (g, ) € U x P(K) is uniquely determined by its K-parameters.

If U is a K-subspace of M(I x N), for each K € J(K) let Px € M(N)
denote the projection matrix corresponding to the MANOVA subspace Ui
and set Qi := 1y — Pk. By (iii) of Theorem 4.2, u € U = §x) € Ujg)- Thus,
by the orthogonality of Px and Qk,

(5.3)

tr(A[—KI](ZI[K] - &ix) — Riywery)(-++)")
= tr(Age) (vix1 Prc = €x) = Rieyyerey P ) ++)')
+ (A (i @k = Rireyyeaon @ )(---)")- (5.4)
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Then (5.1), (5.4), and Lemma 2.5 of Andersson and Perlman (1993a) yield the
following basic result:

THEOREM 5.2. The likelihood function for the K-linear model N (U, K)
has the following factorization:

(UxP(K)x M(I x N) — (0,00)
(1, 5),9) — (det (%)™ -exp (—tr(Z7(y — p)(---)")/2)
=TI((det(Aqx})) ™2 - exp(—tr(Ag (yx) Px — €1 — Ry vy Pr)(-++)")/2)

’eXP(_tr(A[;(l](y[K]QK - Rixyuix)y@k)(-+-)%)/2) | K € J(K))). (5.5)

|
Once again the K-th factor in this product is the density for the condi-

tional distribution of y k) given y(x) and is seen to be the LF of a standard mul-
tivariate normal linear regression model. Since the parameter space U x P(K)
has the factorization (5.3), it follows that the MLE (4, f)) = (W(y), f)(y)) exists
and is unique for a.e. y iff

n > max{| K|+ px | K € J(K)}, (5.6)

where pg := tr(Px) = dim(Ujx))/|[K]|. In this case the K-parameters ((E[K],
ﬁ[ K),f\[;q) | K € J(K)) of (ﬂ,f)) are determined from the usual formulas for

regression estimators (compare to Andersson and Perlman (1993a), §3.1 and
Andersson and Perlman (1991), §3.4):

Rixy = YK QK Yy (V) QK Yixy) ™ (5.7)
nhAig) = YK1Q K YK — ViK1 @YKy (W) QK Y(xey) ™ V() Q K Yfe]

(5.8)

€k =ik Px — vik1Qx Vixy (W)@ Vixy) (k) P (5.9)

Finally, (ﬂ,i) itself may be reconstructed from these K-parameters by
the algorithm given in Andersson and Perlman (1991), §3.3.

In general, the MLE (ﬂ,f)), is not a sufficient statistic for the model
N(U,K), which is a curved exponential family. Nevertheless, it will be shown
elsewhere that for two K-subspaces Uy C U, the LR statistic @ for testing Hy:
p € Up vs. H: p € U has a simple expression, its exact central distribution
can be obtained in terms of its moments, and the asymptotic central distri-
bution of —2log @ as n — oo is x? with dim (U)—dim (Up) degrees of free-
dom. The classical MANOVA testing problem is obtained when K = {¢, I},
while the GMANOVA testing problem is a testing problem of this form with
K ={¢,K,I}, where $ C K C I.
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6. Construction of a K-linear Regression Model. In applications,
one may be presented with a collection of nonnested, possibly dependent nor-
mal linear regression models which together determine a linear subspace U
of the observation space (= mean value space) M(I x N) (see Example 6.2).
We now show how to determine the minimal lattice (U) such that these re-
gression models can be combined into a single (U )-linear model N (U, K(U)).
This model is parsimonious in the sense that if the given regression models
can also be combined into a single M-linear model N (U, M), then necessarily
K(U) C M, hence N(U,K(U)) imposes a minimal set of conditional indepen-
dence restrictions on the covariance structure.

As above, let y € M(I X N) be a matrix of observations, where I and N
are finite index sets. Suppose that we are given a decomposition

I=0(S|S€Ss), (6.1)

where each S # ¢, and a corresponding family (Us | § € §) of MANOVA
subspaces, where Us C M(S X N). If we now set

U=x(Us|§eS)cMIx N), (6.2)

then we wish to determine K(U), the minimal ring of subsets of the finite index
set I such that ¢,I € K(U) and such that U is a K(U)-subspace of M(I x N).
Define the partial ordering” < on § as follows:

S'<S§ i M(Sx §)Us C Us. (6.3)

A nonempty subset H of the poset § is called hereditaryif S € Hand S' < §
imply that S’ € H. Now define K(U) to be the set of all hereditary subsets
of S together with the empty subset ¢. It follows from the fundamental cor-
respondence between the class of all finite posets and the class of all finite
distributive lattices®) that K(U) is a finite distributive lattice such that

J(K(U)) ={Ks| S € S}, (6.4)

where

Ks=U(S'€S| S5 <85). (6.5)

1) Clearly, < is reflexive and transitive on S. we may also assume that < is antisymmetric
—otherwise replace S by the set of equivalence classes induced by the equivalence relation
S~ 8 iS5 <S5 and §' < 5. Note that when each Ug is defined by a design matrix
Zs as in (6.10), it follows by (6.11) that S ~ S’ iff Row (Zs) = Row (Zs).

5) See Gratzer (1978, pp.61-62), Theorem 9 and Corollary 10, or Andersson (1990), Theorem

3.2 (ii).
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Furthermore, it is readily verified from (6.5) that
[Ks]=S. (6.6)

Also, by (6.1) each member of K(U) is identified with a subset of I, so that
K(U) may be considered as a ring of subsets of I.

By applying Theorem 4.2, Remark 4.3, (6.3), and the fact that Ks: C Kg
iff §’ < &, it can be shown that U is a K(U)-subspace of M(I x N). Define

IK ={K C 2! |Kisaring, Uisa K-subspace of M(I x N)}.

We now show that K(U) is the unique minimal member of IK .
First, suppose there exists £ € IK such that £ C £(U). Then there exists
L € J(L) such that
[L]=U(S| S € D), (6.7)

where D C S and |D| > 2. By (6.2) and (6.7),
U[L] =X(Us | S € D). (6.8)

Since Uz is a MANOVA subspace, i.e., M([L])Ujy; € Uy, it now may be
shown that §' < § for every pair 9,5’ € D. But this contradicts the assump-
tion that < is antisymmetric on S (see Footnote 4), hence £ = K(U), so K(U)
is a minimal member of IK. Finally, the uniqueness of X(U) follows from the
(non-trivial) relation

M(K1 N K2) = Alg (M(K1), M(K2)), (6.9)

(the smallest algebra containing M(K;) and M(K,)), valid for any rings K
and Ky of subsets of I.

REMARK 6.1. In applications, K(U) is most easily determined as the
ring generated by {Ks | S € §} and ¢, where K is given by (6.5) and (6.3).
Also, each MANOVA subspace Ug usually is specified in the form

Us ={BZs| B € M(S x Ts)}, (6.10)

where T’s is a finite index set and Zs € M(Ts X N) is a fixed design matrix.
In this case (6.3) can be expressed equivalently as

§'<S if Row(Zg)C Row(Zs). (6.11)

EXAMPLE 6.2. Take I = 123 (see Example 1.1) and denote the matrix

of observations by
Y1
y=| v | € M(I xN).
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Assume that the columns of y are independent and normally distributed with
common unknown covariance matrix ¥ € P(I). Suppose that the row vec-
tors 1,2, Y3 are known to satisfy the following nested set of ordinary linear
regression equations: for j=1,---,n,

E(y1;) = Butyj, (6.12)
E(y2j) = Partyj + Paztay, (6.13)
E(ys;j) = Paityj + Baataj + Pasta;. (6.14)

Here § = (51,952,853), where S; = ¢, and the corresponding design matrices
(cf. (6.10)) are

Zs, = (tu -+ ta), (6.15)
17 --- tin

Zs, = , 1

52 (tzl tzn) (6.16)
t11 - tin

Z53 = t21 tgn . (617)
t31 -+ i3n

We assume that the row vectors (141 :tan), @ = 1,2,3 are linearly inde-
pendent. The relations (6.12), (6.13), and (6.14) determine a linear subspace
U C M(I x N) in which the matrix of means E(y) is assumed to lie.

In order to combine the three (dependent) regression models (6.12)—(6.14)
into a single K-linear model by imposing a minimal set of LCI restrictions on
Y, apply (6.5) and (6.11) to find that

Ks, =1, Ks =12, Kg, =123. (6.18)

Thus {Ks | S € 8§} is a chain, so K(U) = {Ks | S € S} U {4} (see Remark
6.1), which is also chain. It is easy to apply Theorem 4.2 and Remark 4.4
to verify that U is a K(U)-subspace. The MLE’s of the §;, and ¥ under
the K(U)-linear model N(U,K(U)) are obtained using (5.7)—(5.9). Note that
in this example, as well as for any nested set of linear regression models,
P(K(U)) = P(I), so no nontrivial CI restrictions are imposed on ¥ under the
model N(U,K(U)) (see Footnote 3).
Now suppose that (6.14) is replaced by

E(ysj) = Ba1t1j + Baatsj; (6.19)

equivalently, we add the assumption that 832 = 0. Here the three regression
models determined by (6.12), (6.13) and (6.19) are nonnested and determine
a proper subspace Uy C U. We construct K(Up) as above, but now (6.18)
becomes

Ks, =1, Ks, =12, Kg, =13, (6.20)
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so {Ks | S € S} no longer is a chain. It is easily seen that K(Up) is the
lattice in Figure 1.1 and that Up is a K(Up)-subspace. The MLE’s of the
Bie and ¥ under the K(Up)-linear model N(Uy,K(Up)) are again obtained
using (5.7)—(5.9), where the projection matrices Pyo3 and @123 corresponding
to Row (Zg,) in (6.17) must be replaced by Pi3 and @13 corresponding to
Row (Zs,) in (6.12):

Zs, = (t“ t“‘) . (6.21)

ta1 -+ 13n

Since K(Up) is not a chain, P(K(Up)) C P(I), so a nontrivial CI restriction
now must be imposed on ¥ to combine the regression models given by (6.12),
(6.13) and (6.19) into the X(Up)-linear model N(Up, K(Up)).
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