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Bivariate sub-distribution: together G* & V~* define
Fl(s,t)=p(P* < s, D' <t, Pt <D'|2)

s < t, and same for F".

Random prob measures, will use working model Fl(s,1)
_ & FY(s,t) imply F! & F?.

DDP mix of normals.



Assumption 1. Treatment is randomized: Z
(P*,D*,C,x), z=0,1 (and 0 < p(Z =1) < 1).

This obviously holds by design in randomized trials as considered here.

Ass 2. Non-informative censoring: C' 1L (P*.D~?)
z=0,1and p(C > P*,C > D?*)|x) >0, Vz

?
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Quantity of interest: Odds of progression

Jp1 < fﬂﬂ‘:ju fDlEu dVi(P' | D', z) dGg (D", D)

Tz(u) = fPG{:ﬁu fDﬂf}u fDl:}u dVo(PY | D).z dG4 (D, D')



: : anc are linked with a normal copula.
Ass 3. Copula: FY and Fy are linked with | |
— standard normal c.d.f anc
() tandard |l c.d.f ]
5> , = bivariate normal with correlation p.
Gy, =1 t | witl lat

G(D",D"; p) = ®a, [@ G (D)}, @G (DY)}

e for fixed . G 1s i1dentified since G 0 and G 1 are
1dentified

e p is not identifiable — p is a sensitivity par ?)
9

Assumption 4: P* L D'* | D* x, 2 = 0.1
allows copula to extend to P~.
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Quantity of interest:
Conditional ? Odds of progression

fplfiufD':'} fDl} dVi(PY | DY, x) dG (D", D)
fpﬂ‘{ufm} fDl} dVo(PY | D), x dG4(D, D1)

f::n fs<-u. fv}:u ft;u dvﬂ} (8

Tz (1) =

T(u) =
f:n fs<u fvgu L},u dvﬂg} (8




The model: Joint distribution for V=(P,D)

dHg(v) = ) wi¢ (v:64(x). X) dv
h
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