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Follow-up for a cancer patient
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Dynamic Prediction
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A Conditional failure functioganHouwelingen and Putter 2013)
F(t,t+w|X,Z)=Pr(D ¢t+w|D >t, X, Z)
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Two imajor-approaches to-obtaif-
1) Landmarkimaodel

(fit the Coxrmaodels by lefruncation atitimet)
2) Jdointimadel (se accopiaenX,)p)
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Dynamic Prediction via Hazard
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A Conditional hazarciayton1978Biometrikg
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Dynamic prediction via joint models

Method Heterogeneit
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Copula model
Pr(X >x, D >y)=C,[Pr(X >Xx), Pr(D >y)]

Clayton copula:Cq(V, w)=(v7+w?- 1)-1/q

_PriiX=x,D=y)Pr(X >x,D >vy)
B Pr(X =x,D>y)Pr(X >x,D =)
g >0:. Positivedependence

- 1<g <0: Negativaedependence
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Example: Ovarian cancer data (Ganzfried et al. 2013)
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Clustered semcompeting risks data

. Progression=0 or No progression=1

- Alive =0 or Death=1



