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B̂1 = (A

′

1A1)
−A′1(Y−A2B̂2C2−A3B̂3C3)S

−1
3 C′1(C1S−1

3 C′1)
−,

B̂2 = (A
′

2QA1
A2)
−A′2QA1

(Y−A3B̂3C3)S
−1
2 C′2(C2S−1

2 C′2)
−,

B̂3 = (A
′

3Q(A1:A2)A3)
−A′3Q(A1:A2)YS−1

1 C′3(C3S−1
1 C′3)

−,

nΣ̂ΣΣ = S3+QC′1;S
−1
3

Y′PA1YQ′
C′1;S

−1
3
,gdzie

S1 = Y′Q(A1:A2:A3)Y, S2 = S1+QC′3;S
−1
1

Y′PQ(A1:A2)
A3YQ′
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−1
1
,
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−1
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A2YQ′
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−1
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Estymowalno±¢ w Modelu ITwierdzenie 3Liniowe funkcje ∑j KjBiLj, i= 1,2,3, s¡ estymowalne w Modelu Iwtedy i tylko wtedy gdy
R
(∑

j Lj⊗K′j
)
⊆R

(
C1QC′2

⊗A′1
)
+R
(

C1PC′2
QC′3
⊗A′1QA2

)

+R
(
C1PC′3

⊗A′1Q(A2:A3)

)
, dla i= 1,

R
(∑

j Lj⊗K′j
)
⊆R

(
C2QC′3

⊗A′2QA1

)
+R
(
C2PC′3

⊗A′2Q(A1:A3)

)
,dla i= 2,

R
(∑
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R
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)
⊆R

(
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)
+R
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C1QC′2
⊗A′1PA2QA3

)
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(

C1Q(C′2:C′3)⊗A′1PA3

)
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R
(∑

j Lj⊗K′j
)
⊆R

(
C2QC′1

⊗A′2QA3

)
+R
(

C2Q(C′1:C3)
⊗A′2PA3

)
,for i= 2,

R
(∑

j Lj⊗K′j
)
⊆R

(
C3Q(C′1:C′2)⊗A′3

)
, for i= 3.
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Momenty pierwszego rz¦duTwierdzenie 5Zaªó»my, »e w Modelu I estymatory ML funkcji KB̂iL,
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Momenty drugiego rz¦du - Model ITwierdzenie 7If γ1 exists
D[KB̂3L] = γ1L′(C3ΣΣΣ

−1C′3)
−L ⊗ K(A′3Q(A1:A2)

A3)
−K′.If γ1, γ2 and γ3 exist

D[KB̂2L] = γ1L′ΣΣΣ−1/2PΣ−1/2C′3
ΣΣΣ−1/2L ⊗ K(A′2Q(A1:A3)

A2)
−K′ +

+ L′ΣΣΣ−1/2
(
(1+γ2)PΣ−1/2C′2

+(γ3−γ2−γ1)PΣ−1/2C′3

)
ΣΣΣ−1/2L

⊗K(A′2QA1
A2)
−K′.If γi, i= 1, . . . ,8, exist

D[KB̂1L] = γ1L′ΣΣΣ−1/2PΣ−1/2C′3
ΣΣΣ−1/2L⊗

⊗K(A′1A1)
−A′1(I−A2(A

′

2QA1
A2)
−A′2QA1

)A3(A
′

3Q(A1:A2)
A3)
−A′3

× (I−QA1
A2(A

′

2QA1
A2)
−A′2)A1(A

′

1A1)
−K′ +

+ L′ΣΣΣ−1/2
(
(1+γ2)PΣ−1/2C′2

+(γ3−γ2−γ1)PΣ−1/2C′3

)
ΣΣΣ−1/2L⊗

⊗K(A′1A1)
−A′1(A

′

2QA1
A2)
−A1(A

′

1A1)
−K′

+ L′FL⊗K(A′1A1)
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Momenty drugiego rz¦du - Model ITwierdzenie 7 - c.d.gdzie
F = ΣΣΣ1/2

(
(1+γ4)PΣ−1/2C′1

−γ4PΣ−1/2C′2
+γ4γ5γ6PΣ−1/2C′3

+

+ γ4γ6PQ
Σ−1/2C′

3
Σ−1/2C′2

)
ΣΣΣ1/2
,

γ1 =
n−rank(A1:A2:A3)−1

n−rank(A1:A2:A3)−p+rank(C3)−1 , γ2 =
p−rank(C2)

n−rank(A1:A2)−p+rank(C2)−1 ,

γ3 =
(n−rank(A1:A2)−p+rank(C3)−1)(p−rank(C2))

(n−rank(A1:A2:A3)−p+rank(C3)−1)(n−rank(A1:A2)−p+rank(C2)−1) ,

γ4 =
p−rank(C1)

n−rank(A1)−p+rank(C1)−1 , γ5 =
n−rank(A1:A2)−p+rank(C3)−1

n−rank(A1:A2:A3)−p+rank(C3)−1 ,

γ6 =
n−rank(A1)−p+rank(C2)−1

n−rank(A1:A2)−p+rank(C2)−1 , γ7 =
n−rank(A1:A2)

n−rank(A1)
,

γ8 =
n−rank(A1)−p+rank(C1)−1

n−rank(A1:A2)−p+rank(C1)−1 .K. Filipiak, D. von Rosen (2009) Estymowalno±¢ i estymatory... Wisªa 2009 16 / 20



Optymalno±¢Model jednowymiarowy
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