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Beta-Binomial Model (Walley, 1991)
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Beta-Binomial Model (Chel)
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Beta-Binomial Model (Chel)
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Uniform-Binomial Model
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Persistent Pulmonary Hypertension (Walley, 1996, Sec. 5)

Survived
Yes No Total

TRT CT 6 10
ECMO 9 9

CT means a conventional therapy and
ECMO means extracorporeal membrane oxygenation.

Assumptions
A constant chance of survival under each treatment.

Outcomes are independent for different babies.
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Persistent Pulmonary Hypertension

Imprecise Beta Model

L(θc, θe|n) ∝ θ6
c(1− θc)

4θ9
e

π(θc, θe) ∝ θstc−1
c (1− θc)

s(1−tc)−1θste−1
e (1− θe)

s(1−te)−1

π(θc, θe|n) ∝ θstc+5(1− θc)
s(1−tc)+3θste+8

e (1− θe)
s(1−te)−1

Inferences about θe − θc

H0 : θe ≤ θc

H1 : θe > θc

This can be answered by calculating P(H1|n) and P(H1|n)
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Can we work with log-odds?

General form
Y2 (levels) (fixed)
Yes No Total

Y1 Yes n11 n10 n1
(type) No n01 n00 n0

L(n11, n01|p11, p01)

∝ pn11
11 (1− p11)

n1−n11pn01
01 (1− p01)

n0−n01

= exp
{

n11θ1 + n01θ2 − n1 log(1 + eθ1)− n2 log(1 + eθ2)
}

where θ = log(p11/(1− p11)) and θ2 = log(p01/(1− p01)). Subsuquently,
log-odds ratio (LOR) is found by θ1 − θ2. P(L > 0|n11, n01) can be also found
numerically.
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Consider All Margins Are Fixed

General form
Y2 (fixed)

Yes No Total
Y1 Yes n11 n10 n1+

No n01 n00 n0+

(fixed) n+1 n+0 n

L(p11, p1+, p+1)

=

(
n
nij

)
pn11

11 (p1+ − p11)
n10(p+1 − p11)

n01(1− p1+ − p+1 + p11)
n00

= exp
{

n11 log(θ)− A(θ)− log
(

n
nij

)}
, where θ =

p11p00

p10p01
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Can we work with percent agreement?

Three outcomes are considered
P(Y1 = 1,Y2 = 0) = p1

P(Y1 = 0,Y2 = 1) = p2

P[(Y1 = 1,Y2 = 1)or(Y1 = 0,Y2 = 0)] = pa

where p1 + p2 + p3 = 1.

L(Y|p) ∝ pn1
1 pn2

2 pn3
3 where n3 = n− n1 − n2

= exp{n1

(
eθ1

1 + eθ1 + eθ2

)
+ n2

(
eθ2

1 + eθ1 + eθ2

)
−n log

(
1

1 + eθ1 + eθ2

)
+ log

(
n

n1, n2, n3

)
}

Subsequently, we are interested in the inference P(p1 − p2 > 0) =
P(log(p1/p2)) = P(p1 > p2).
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Cohen’s Kappa

Definition

κ(p) =
(p11 + p00)− (p1+p+1 + p0+p+0)

1− (p1+p+1 + p0+p+0)

=
2(p11 − p1+p+1)

p1+p+1 − 2p1+p+1

=
p00p11 − p01p10

p11p00 − p01p10 + (p01 + p10)/2
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Can We Work With Four Cells?

Mik’s Talk

log pij = ξ1θ1 + ξ2θ2 + ξ3θ3 − A(θ), i, j = 1, 2
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Matter of Visualization
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Matter of Visualization
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