Challenges on Imprecise Inference

for the measure of association in 2x2 tables
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|
Beta-Binomial Model (Walley, 1991)
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N
Beta-Binomial Model (Chel)

E[6] E[Y]
QA — ] A 0 .
% ‘0
1 1
1 1
0 0
2 - 1 2 1
0 0
1 1
0 0
0 0
& 29 1 2 2 1
0 0
1 1
1 1
0 0
© 0 © 4 0
0 0
0 0
%L 1 1
o 7’/ o+ 4
- T T T T ; T T T T
o 5 10 15 20 0 5 10 15 20
& &

Chel Hee Lee, Mikelis Bickis S Imprecise Inference 2016-SEP-06 3/14



N
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.

@ 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(0c,0c|n) o< 6%(1 — 6.)*60
W(ec, 98) e gitc—l(l . Qc)s(l_t”)_legte_l(l - ee)s(l—te)—l
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Inferences about 6, — 6.,

Hy : 6, <4.
H : 0,>0,

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

Y, (levels) (fixed)
Yes No | Total
Y 1 Yes ni nio ni
(type) No | nor  ngo no

L(ni1,no1|pi1, por)
o< piit (L= pi)™ Mgt (1 = por)™ ™"
= exp {n1191 + no16, — ny log(l aF 601) —n log(l TF 802)}

where 6 = log(p11/(1 — p11)) and 6, = log(po1 /(1 — po1)). Subsuquently,
log-odds ratio (LOR) is found by §; — 6,. P(L > O|nj;,no;) can be also found
numerically.

v
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Consider All Margins Are Fixed

Y, (fixed)
Yes No | Total
Y 1 Yes ni nio ni+
No | nor  noo | not
(fixed) Nyl N4 n

L(p11,pi+,P+1)

- (n )P11'(P1+ p11)"(py1 —p11)™' (1 = p1y — py1 +p1)"®
ij

SR e e
1l
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Can we work with percent agreement?

Three outcomes are considered

o P(Yl = 1,Y2:0):p1

o P(Yl :O,Yzz 1)=p2

o P[(Yl = 1,Y2 = l)or(Yl = 0, Y2 = 0)] = Pa
where p; + p2 +p3 = 1.

L(Y|p) o pY'py?p3 wherens =n—n; —ny
. eel 662
= eptm (g T ten) TR T 1o

lo ! +1o " }
_n —
& 1+ e + ef2 & ni,ny,n3

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

(P11 +poo) — (P14+P+1 + Po+P+0)
1 — (p1+P+1 + Po+P+0)

k(p) =

2(p11 — P14P+1)
P1+P+1 — 2P14P+1

PooP11 — Po1P10
P11Poo — poipio + (po1 + pio)/2
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N
Can We Work With Four Cells?

logpij = &1601 + &0, + &0 —A(0), i,j=1,2
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Matter of Visualization
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Matter of Visualization
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Matter of Visualization
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Matter of Visualization
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