
Now we have only to estimate cov( ∂
∂θ1

g(θ0
1), ∂

∂θ2
l1(θ0

1,θ
0
2)). If we can write

∂

∂θ1

g(θ0
1) =

∑
u

∂

∂θ1

gu(θ
0
1)

and

∂

∂θ2

l1(θ0
1,θ

0
2) =

∑
u

∂

∂θ2

l1u(θ
0
1,θ

0
2) ,

then we can use the following to estimate the covariance,

ˆcov(
∂

∂θ1

g(θ0
1),

∂

∂θ2

l1(θ0
1,θ

0
2)) =

∑
u

∂

∂θ1

gu(θ̃1)
∂

∂θ2

l1u(θ̃1, θ̃2)′

=
∑
u

∂

∂θ1

gu(θ̃1)
∂

∂θ2

l̃1u(θ̃2)′

Thus,

Σ̂12 =

(
− ∂2

∂θ1
2 g(θ̃1)

)−1∑
u

∂

∂θ1

gu(θ̃1)
∂

∂θ2

l̃1u(θ̃2)′ .

Also,

Σ̂11 = n

(
− ∂2

∂θ1
2 g(θ̃1)

)−1

Plugging in all the corresponding estimates in (14) gives

Σ̂22 = Î−1
22

(
Î22 − 2Î ′12Σ̂12 + Î ′12Σ̂11Î12

)
Î−1

22 . (15)

7.4 Supplementary figure
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Figure 4: Performances of the näıve, cases-only (“Cases”), weighted (“Wtd”),
and the adjusted (“Adj”) estimators compared to the ML estimator for binary
secondary trait
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