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Aim of the paper

Survival times data (censored or not)

MODEL: Accelerated failure time (AFT) modetdgression model on tHeg scalg

from a Bayesian semiparametric point of view; the error sgributed
nonparametrically as a

species sampling mixture mod@f densities on theositive realswhere
the mixing measuré is a (normalizedpeneralized gamma measure

AIM: for simulated and real datasets we compptsterior inferences on the
regression parameteasd thesurvival timesvia MCMC (incorporating
censoring)

Remark: Density estimation can be performed
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The AFT model

Accelerated failure time model
logT = -2’8+ W

T univariate survival time
xr = (x1,...,x,)": fixedp-vector of covariates

B =(01,...,0B,)": p-vector of regression parameters
W,V errors

Equivalently, ifV := e":
T=e*F.V
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Bayesian semiparametric AFT models

logT = —2'B+W or T=e%F.y

Christensen & Johnson ('88). ~ Dirichlet process prior

Walker & Mallick ('99): W ~ O0-median PT prior

Hanson & Johnson (027 ~ mixture of O-median PT

Kottas & Gelfand ('01), Gelfand & Kottas ('03)J1 ~ semiparametric
0-median family of distributiongscale mixture of split normals, skewness handled
parametrically)

Kuo & Mallick ("97): V' ~ DPM prior (location mixture of normal kernels)

Ghosh & Ghoshal ('06)V ~ DPM prior (scale mixture of Weibull kernels)
Hanson ('06):V ~ DPM prior (gamma densities, mixed both over the scale and the
shape)

Argiento, Guglielmi, Pievatolo ('07)V ~ DPM or NIG-mixture priorigamma
densities, mixed over the scale and the shape)
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Our model

Ty,...,T, survival timesx; = (x;1,...,%;p) CoOvariate vector

/
_ ;0 A
1T, =e Vi, 1 =1,...,n,

Vi 16; i k(-; 0;) family of densities on R © C R?® parametric space

z‘GZZdG

G ~ q, G isa(normalized) generalized gamma measure on ©

BLG, B~n(f)

Remark

Vi, ..., Vi |G 2 f(

f(v;G) = [ k(v; 0)G(db)

INI workshop on BAYESIAN NONPARAMETRIC REGRESSION MODELS - Cambridge (UK) — p. 5/«



Generalized gamma measures (Brix, 1999)

p random measure o, B(0)), © C R®

o€ (0,1],7>0

(-) non-negative diffusefipite) measure o® (© any Polish space),
1 1S ageneralized gamma measure if

* 1 is completely random (Kingman, 1993)j.e. u(B1), ..., u(By) are
mutually independent iB4, . . ., By are disjoint

* foranyB € B(0), u(B) has mgf

E(e_S“(B)) — e:cp( — H(f) (T + )7 — 7'0]>, s>0

(M(B> ~ G(U7 ’i(B)v T))

0 <o <1: G(o,k(B), 1) is the natural exponential family generated by the positive
stable law ¢ = 0), andu Is theo-stable process far = 0

o = 1. u degenerates om(-)

—
T+ S8

r(B)
o — 0: E(e*#(B)) = ( ) andy is the gamma random measure
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Generalized gamma measures

Theorem(Brix, 1999)
L wB) = [ 400 yN(dy, B),

N a Poisson random measure [0n+oo) x ©
v intensity measure:

v(A x B) “1(32‘) J,5 7 e 0ds = k(B) [, p(ds),
A € B([0,4+x)), B € B(©)

2. 1 has no fixed atoms (sinceis diffuse),i.e. P(u({z}) > 0) =0Vzx
3. u is almost surely purely atomic
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Generalized gamma random probability measures

G random probability (distribution) built from a generalilzgamma random
measureu with parameterso, x(+), 7) according to atandard construction
via normalization of completely random measures

Kingman (1993), Pitman (2003), James (2005), Antonio Igj@lk

Sincef[o min(s, 1)v(ds, dy) = k(B) |,

0.4-00) min(s, 1)p(ds) < +oo,

,+o00)x B
P(u(®) =T < 400) =1,
so that

G(:) := # is a random probability measure on ©

G ~ GG(o,k(©)Gy(-), ) generalized gamma rpnGy(+) := k(+)/k(O)

Remark: this parameterization is not uniguee.

(0,k(O)Go(+), 7) and(o, sk(O©)Go(+), 7/s) (for anys > 0) yield the same
distribution forG (see Pitman, 2003, “scaling property”)
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Generalized gamma rpm

Pitman (1996, 2003)
G ~GG(0,k(0)Go(),7),0< 0 <1,k(O)>0,7>0

+o0
iid
G = ZPz'CSX“ (P) L (Xy), (Xi)~ G,
i=1
Ji | | | | .
P; = T (J;) jump times of a Poisson process on |0, 4-00) with Levy density

1
I'l—o)

p(ds) = s 7 le™Tds, T = Z J

(P;) (ranked) has the Poisson-Kingman distribution with Levysity p(ds)

* (G is ahomogeneous Poisson-Kingman rpm with Levy densitis)
* G is aspecies sampling modél(-) = 3=, prdz, + (1 =32, pr)H(:)
((pr) are positive random weighty, px < 1, (px) and(Z) independent,

Ty 5 H (-) non-atomic)
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Generalized gamma rpm

Pitman (2003)

Sampling fromG induces a random partitidd on the positive integers
01,...,0,|G “ & a.s. discrete: ties amortg; )
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Generalized gamma rpm

Pitman (2003)

Sampling fromG induces a random partitidd on the positive integers
01,...,0,|G “ & a.s. discrete: ties amortg; )

If I1,, is the restriction oll to {1,...,n}:
£(91, v o ey Hn) N £(Hn7 QT, e o ey 9;:,(71))

05, ..., ez(n) distinct values in64, ..., 0,)

Ty — {Cl, .. .,Ck}, Cj — {’L . 92 = 9;}, nj = #C] Z 1, les(n) nj =N,
P(II, = 7y, 05 € By, ..., 05, € Biny) = LIIn =m,) - [ [ Go(By)
j=1
(p symmetric non-negative ) =p(ni,...,ng) H Go(B;),
j=1

p exchangeable partition probability function (EPPF) determined biA
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Generalized gamma rpm

Pitman (2003)
Sampling fromG induces a random partitiaid on the positive intege

01,...,0,|G W G a.s. discrete: ties amortg; )

Moreover:
k
P(0n+1 € Blo1,...,0n) = wonGo(B) + ij,n59;(3)
1
Wo,n = p(nl’ i) )7 wj,fn, — p(nl’ )nj_i_l’ )nk> .

" p(n, .. nk)
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Generalized gamma rpm

G~ GG(0,k(0©)Gy, 7) 0<0<1,k(0O)>0,7>0

o — 0: G Dirichlet processvith parameter x(©)Gq
o = 1/2: G normalized inverse-gaussian (NIG) procé@sgi et al., 2005)
o = 1. G Is degenerate ofr
T =0:if 0 < o0 < 1, G Poisson-Dirichlet processith two parameterso, 0)

GenerallyL(G(B,), ..., G(By)) is not available in closed analytic form
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Properties of generalized gamma rpms

E (G(B)) — GO(B) Var (G(B)) — GO(B)(l - GO(B>)I(07 ’43(@)77)
Cov(G(By), G(Bs)) = (G0(31 N By) — Go(Bl)GO(Bg)>I( K(0),7)

(0, 5(0),7) 1= (1 — 0)(1 . (MWU eXp(H(@)TU)>F (—% +1, “(@)TU) )

0 o

wherel'(a, z) := f;oo e~tte=1qt. If n:= “E7 then

1 1
T=1I(o,n) = (— - 1)771/"6”F( — ;,77)

o

VO< o<1 Z(o,n) ] asnincreases and Vn >0 Z(o,n) | as o increases

Re-parameterizatiorG ~ GG(o,1n,Gp), 0< o <1,7>0
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Properties of generalized gamma rpms

Remark:

Or,....0,|G % G, G~ GG(o,n,Go)

= L(G|61,...,0,)is NOT a GG rpm

Description of the posterior: James (2002, 2005)
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Predictive distributions

O1,...,0,|G " GandG ~ GG(o,1,Go),0< o <1,17>0

T, ..., 0; distinct observationgy, . . ., ng) multiplicities (Zj n; =mn),

k
P(6n41 € Bl6h, ..., 0,) = wo(n, k; 7, n)Go(B)+wi (n, k; 0,n) 3_(nj—0)ds: (B

J=1
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Predictive distributions

0, 9|G”dc;andc; ~ GG(o,1,Go),0 <o <1,17>0

Is-..,0; distinct observationgy, . .., ny) multiplicities _; n; = n),

k
P(6n41 € Bl6h, ..., 0,) = wo(n, k; 7, n)Go(B)+ws (n, k; 0, m) 3 (n;—0)dg: (B
j=1

2 €nylk+1 O ZZL 0 (n)( )Z Z/UF(k +1—1i/o;n)

k‘ _— — _—
wO(n7 y O, 77) no-n €n.k ( Zl)( Z/UF —’L/O' 77)
i o — 2o 1 zz o ()1 Z/Gr (k — i/os7)
1\, R;0,1 n enk ( Z ) z/oF —’L/O';??)
Cerquetti (2007) Lijoi et al. (2007)

 too gn—lg—n(1+22)7
énk = Jo (i42z)nFo 0%
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Predictive distributions

Or,...,0,|G Y GandG ~ GG(o,1,Go),0< o <1,17>0

T, ..., 0; distinct observationgy, . . ., ng) multiplicities (Zj n; =mn),

k
P(6n41 € Bl6h, ..., 0,) = wo(n, k; 7, n)Go(B)+wi (n, k; 0,n) 3_(nj—0)ds: (B

J=1
Plot of wy (100, k; o, n) for some values of o
¢ 0=0.1
e 0=0.25
e 0=05
e e 0=0.75
El e
° 0 20 4 60 80 100
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Prior distributions for the # of distinct observations

K, number of distinct observations in the sam(eg, . .., 6,,) from
G ~ GG(o,n,Gp)

ek el = (n—1 . 2 i
P(K, = k) = S(n,k;0) Tn) €n ke = S(n, k;0) T () Z ( , >(—1) neT'(k — et

S(n, k; o) generalized Stirling numbers of the first kind
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The model

/
—. .
1l; =e %B-VZ-, 1=1,...,n,

Vi|0; o k(- 0;) © C R? parametric space
Alekillel

G ~ GG(o,n,Gy), Go(+) :=E(G(")), Gy diffuse
BLG, B~m7(B)

(07 77) ~ 7T(O‘, 77)

k(-; 91, v2) gamma density with mea, /v,

GO gamma(wl, ’71) X gamm@(wb ’72)
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Univariate marginal distribution of the error V

| W1 = W9 = 1: fv(v) — Y172 TR (U > O), but

v(v 4 72) (71 + log(F22))

EV = +o0

INI workshop on BAYESIAN NONPARAMETRIC REGRESSION MODELS - Cambridge (UK) — p. 16/-



Univariate marginal distribution of the error V

| W1 = W9 = 1: fv(v) — Y172 TR (U > O), but

v(v 4 72) (71 + log(F22))

EV = +o0

median regression model
Prior information: median and IQR as functions of hyperpagters(v,, v2)
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Univariate marginal distribution of the error V

| w1 = wy = 1. f\/(v) — N 5 (U > O), but

v(v +72) (71 + log(¥£22))

EV = +o0

median regression model
Prior information: median and IQR as functions of hyperpagters(v,, v2)

If wy > 7. E(VY) < +o0; in particular

E(V)= 272 >

(w2 — 1)m
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Univariate marginal distribution of the error V

If w; = wy = 1: f\/(?}) = N 5 (U > O), but

v(v +72) (71 + log(¥£22))

EV = +o0

median regression model
Prior information: median and IQR as functions of hyperpagters(v,, v2)

If wo > j: E(V7) < +oo; in particular

E(V)= 272 >

(w2 — 1)m

mean regression model
Prior information: firstj moments as functions of hyperparameters ~-)
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Posterior estimates

SinceT; = e %8 .V,,i=1,....n

an+1 (t|T17 . -aTn> — an+1 (U‘Vlv - '7Vn7§>

B=EPB|T,...,Tn) «— E(B|Vi,...,Vp)

Moreover

an+1(v\V1,...,Vn,§):/(/@k(@;@)G(d@))ﬁ(del,...,Hn,@ﬁ(dﬁ\vl,...,vn,ﬁ

integrating out G = / fviia (v]€, B)L(dO|V, B) (1)

L(d0|V) andL(d3|V) in 1): via aPolya urn Gibbs sampler

Mw

Fvoia (018, B) = wo(n, k; 0,m) fv (v) +wi(n, kso,m) p (nj — o) k(v; 67)

I
[t

J

prior marginal distribution of V' : fy/(v) / k(v;d1,92)Go(dd1, dds
R

+ <R+
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Algorithms for posterior estimates

P 0lVieoo Vo) = [ ([ k:0)G(a9)) (618, DLV §) @

Is fundamental in the GWCR algorithm (Ishwaran-James, 233en
independent draws froi(dG|6) are availablelmportance sampler
algorithm(iid draws from the importance distribution)

Polya urn sequential importance sampkrquential draw fofd,, ...0,,)

01 ~ L(dh1|V1)
k(r)

9T+1 ~ ’UJS(’I“, k(’l“), g, U)L(d9r+1|vr+1) + Zwi(rv ]43(7“), g, 77)59;.‘7T, r = 27 vy M
j=1

Many wy andw; must be computed: Polya urn SIS Is vexrpensive

Accelerated Polya urn Gibbs sampléi) integrating outz (ii) the update
rule for 3 is simple
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Prior for the regression parameters

Reparameterization: a; =e%,j=1,...,p

ind

aj ~ gammaai;,as.), j=1,...,p

the full conditional posterior distributions of tlag’s associated to a binary
covariate are still gamma
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Polya urn Gibbs sampler

Posterior estimates:

J
. 1 |
fv, v (v | data) = 5 Zan+1(U | data, )
. 1< P |
St ler(t | o data) = =3 Sy, ([[(i”)t | data, 8)
j=1 i=1

STEP 1 : drawg¥ ™ from £(df|a'?, data) via a

Polya urn scheme with aaiccel eration step:
state space(c, 6) wheref = (64, ...,6,) andc = (cq, ..., c,) labels
from 1 tok(n) (# distinct value ing) such that; = ¢; < 6; = 0,

¢S, = {Ch, .., Chy 1, C 1= (i 05 = 02} = (i : ¢; = j}
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MCMC algorithm

Completely observed data
STEP 1 (a): update paifs;,0;), fori =1,...,nfrom[(c;,0;) | c—;,0 ., data]

= 10; | ci,c—i,0_;,data] X [¢; | c—4,0_;, datal

generalized Polya urn scheme
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MCMC algorithm

Completely observed data
STEP 1 (a): update paifs;,0;), fori =1,...,nfrom[(c;,0;) | c—;,0 ., data]
= 10; | ci,c—i,0_;,data] X [¢; | c—4,0_;, datal

generalized Polya urn scheme

STEP 1 (b): block update the sub-vectorgdbrmed by elements with the same value
(equivalent to updating th& values):acceleration step

Remark: in (a), whenw; = wy = 1, fy/ IS easy to evaluate@njugate prioy,
otherwise: substituté& in fy, with the empirical distribution of a random
sample of sizen from GGy (augmentation stgp
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MCMC algorithm

Completely observed data
STEP 1 (a): update paifs;,0;), fori =1,...,nfrom[(c;,0;) | c—;,0 ., data]

= 10; | ci,c—i,0_;,data] X [¢; | c—4,0_;, datal

generalized Polya urn scheme

STEP 1 (b): block update the sub-vectorgdbrmed by elements with the same value
(equivalent to updating th& values):acceleration step

Remark: in (a), whenw; = wy = 1, fy/ IS easy to evaluate@njugate prioy,
otherwise: substituté& in fy, with the empirical distribution of a random
sample of sizen from GGy (augmentation stgp

STEP 2: generate*+1) from £(da|0V ™Y, data): for thea;’s not corresponding
to binary covariates a Metropolis step is required

similar to Neal (2000)
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MCMC algorithm

STEP 1 (a): update paits;,0;), fori =1,...,nfrom[(c;,0;) | c—;,0_., data]

= 10; | ci,c—i,0_,,data] X [¢; | c—4,0_;, datal

generalized Polya urn scheme

STEP 1 (b): block update the sub-vectorgdbrmed by elements with the same value
(equivalent to updating th& values):acceleration step

Remark: in (a), whenw; = wy = 1, fy/ IS easy to evaluategnjugate prioy,
otherwise: substituté in fy, with the empirical distribution of a random
sample of sizen from GGy (augmentation stgp

STEP 2: generate*+1) from £(da|0V ™Y, data): for thea;’s not corresponding
to binary covariates a Metropolis step is required
similar to Neal (2000)

STEP 3. augmentation step foensored dataunobserved survival times are
sampled one at a time from their full conditional distrileutitruncated at

their censoring points

INI workshop on BAYESIAN NONPARAMETRIC REGRESSION MODELS - Cambridge (UK) — p. 21/-



Choice of (g, n)

Simulated dataset for density estimation

0:1G "~ G,
G ~ GG(o,n,Gy), Go(+) :=E(G(")), Gy diffuse (3)

(o,m) ~m(o,n) (o,n) control the variance of GG from the mean G|

(o, n) fixed or randon®
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Choice of (g, n)

Simulated dataset for density estimation

1id

0;|G ~ G,
G ~ GG(o,n,Gy), Go(-):=E(G(-)), Gg diffuse (3)

(o,m) ~m(o,n) (o,n) control the variance of GG from the mean G|

(o, n) fixed or randon®

test the fit of theGZG (o, 1, G)-mixture w.r.t. (o, n): comparison between

Mo:Vi,...,V, & fv () = /k(o;e)Go(dH) M : GG(o,n,Gg) — mixture (3)
((3) when o = 1; parametric mixture)

M is centered on My, enlarging it by adding extra paramete(s, ) which
control the variance from the centering distributi@Gp
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Bayes factors for GG (o, n, G)-mixtures

mo(v)
my(v; o, 1)
min, ,y BF(v;0,n) =: BF(v;5,7) indicates the parametefs, n) most
favorable to the alternative, a smaller minimum indicatngetter fit for the
corresponding nonparametric mixture

BF(u;o,m) =

GE(T,m, 6y mxdun

0£0%1 420

¢ o buo pamalec (G0)
?0&'% Dol proers ik et
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Bayes factors for GG(o, n, G)-mixtures

Plot of log,,(BF(u;0,7)) asafunction of logo(+)

logi0(BF)
-30 25 -20 -15 -1.0 -0.5 0.0
| | | | |

logso(1/n)

Forany0 < o < 1:
% — 0 : Var(G(B)) — 0 andG“—"Gy = m1(v) ~ mg(v) andBF (v) ~ 1

L — 400 : (r — 0) G“—" Pois-Dir process 2 paramete(s, 0), BF(v) — h(o)

BF's between these extremés) increasing functions 07% or (i7) first decreasing
and then increasing
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Bayes factors for GG(o, n, G)-mixtures

Plot of log; (B F(v;0.25,7)) asa function of logig(;)
e 0=025
2|5 ZIO 1|5 1IO —(;.5 OIO 0|5 1|0

logso(1/n)

Forany0 < o < 1:
% — 0 : Var(G(B)) — 0 andG“—"Gy = m1(v) ~ mg(v) andBF (v) ~ 1

L, 400 :(r — 0) G“—" Pois-Dir process 2 paramete(s, 0), BF(v) — h(o)

n
BF's between these extremés) increasing functions 07% or (i7) first decreasing

and then increasing
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Bayes factors for GG(0, 1, G )-mixtures

Computation ofB F's: via a SIS algorithm (Basu-Chib 2003, for DPM)
Computation omanyweights(wq (7, k(r); o, 1), w1 (r, k(r); o,n)),
k(r)=1,...,r,r=2,...,n Vviamultiple precision arithmeticums of
several incomplete gamma functions)

Computations and MCMC simulations via R calling PARI/C &by (as

suggested by R. Mena)
Whenn is small, computation ofB F's via SIS algorithm is tremendously slow

As anexploratory example we consider a simulated sample of size 25

o 0 01 | 025 | 05 | 0.75
min, log,o(BF(v; o,7)) -2.955 -2.943 | -2.879 | -2.618| -2.156
0 £(©) = 5.623 | 48.790| 15.101| 3.991 | 0.550
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Bayes factors for GG(0, 1, G )-mixtures

Computation ofB F's: via a SIS algorithm (Basu-Chib 2003, for DPM)
Computation omanyweights(wq (7, k(r); o, 1), w1 (r, k(r); o,n)),
k(r)=1,...,r,r=2,...,n Vviamultiple precision arithmeticums of
several incomplete gamma functions)

Computations and MCMC simulations via R calling PARI/C &by (as
suggested by R. Mena)

Whenn is small, computation ofB F's via SIS algorithm is tremendously slow

As anexploratory example we consider a simulated sample of size 25

o 0 01 | 025 | 05 | 0.75
min, log,o(BF (v; o, 1)) 2.955 | -2.943]| -2.879 | -2.618| -2.15¢

i x(©) = 5.623 | 48.790| 15.101| 3.991 | 0.550
(0,0) ~7?

n fixed (not too small) and ~ Beta(ag, by) (discretization on
{0.01,0.02,...,0.99} is computationally convenient) such th&ti,,)
reflects prior opinions
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Example 1 - Density estimation

* n = 100 data simulated from
0.2 - gamma(40, 20) + 0.6 - gamma(6, 1) + 0.2 - gamma(200, 20)

* focus ondensity estimation anddetection of the number of cluster when
V ~ GG(o,n,Gy)-mixtures
*w; €{1,3,10}, wy = 2, v € {0.01,0.1,1, 10}, assigning
prior meankE(V) = 6
o ~discretized Beta(1,1) n=1.5: E(K,) =30
o ~discretized Beta(1,7) n=4.5: E(K,) =06

* w1 = wy = 1 (conjugate priay, 7. € {0.01,0.1,1, 10}, assigning
prior medianmed(V') = 5.67

(o,m) as before
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Example 1 - Density Estimation
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wo = 2 (G non-conjugate v» = 0.1, o ~Beta(1,1) andE(K,,) = 30
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Example 1 - Density Estimation

Posterior of K, Posterior of o
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2 (G non-conjugatg 72 = 0.1, 0 ~Beta(1,7) andE(K,,) = 6
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Example 1 - Density Estimation
Density Posterior of K, Posterior of o
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= wy = 1 (G conjugatg, v» = 0.01, o ~Beta(1,1) andE(K,,) = 30
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Example 1 - Density Estimation
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= 1 (G, conjugatg, v = 0.01, o ~Beta(1,7) andE(K,,)
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Example 1 - Comparison with DPM - random total mass

e |/ ~ GG(O‘,?], Go): w1 =1, ws = 2, Yo = 0.1, E(V) =0
o ~discretized Betd, 1), E(K,,) = 30

*V ~GG(0,n,Gy) = DPM(aGy), sameGy anda ~ gamma(3.1,0.2),
E(K,) = 30

Density Posterior of K,
S * true density * + Estimate under GG—mixture
e Estimate under GG—mixture S ‘Q + estimate under DPM

= e estimate under DPM ® ,
S| :
o | = * *

e 2
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Example 2 - Dataset with censoring

n = 121 survival times (in thousands of days) of patients suffefrogn
small-cell lung cancer; Walker & Mallick ('99), Kottas & Gahd ('01),
Hanson ('06)

2 treatments: A (62 patients) and B (59 patients)
23 patients right-censored

2 covariatestreatment £; = 0 corresponds to A) and entry age; 2
regression parametefa;, az), NO intercept

estimates (posterior mean) @f;, as), 90% credible intervals, and
estimates of the survival functions

w1 =wy =1,7 € {0.01,0.1,1,10}, median(V') = 2.44

o ~discretized Beta(1,4) 7 =5.77: [E(K,) = 12.41 (see EX 3 in Argiento et al., 2007
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Example 2 - Survival functions

patient (1,36)  E(K,)=12.4 patient (0,36)  E(K,)=12.4
o o
— | —— Estimate under GG-mixture - | Estimate under GG-mixture
= « Estimate under N-IG = « Estimate under N-IG
+ Estimate under DPM « « « Estimate under DPM
o |
o
©
o
<
o
N
o

Estimated survival functions under th&= (o, n, Go)-mixture prior for 2 patients for
small-cell lung cancer dataset when= 2.44 and~, = 1.
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Example 2 - Estimates of regression parameters

estimates (posterior mean) @f;, as) and90% credible interval for
hyperparameters as specified before

1.529(1.229, 1.850); 1.015(1.006, 1.024)
E(o|data) = 0.093

Robustness analysmth respect toy, (“bandwidth” parameter) and

(a1, as) || GG (@ random)| N-IG(c =1/2) | DPM(c = 0)
e = 0.1 (1.488,1.010) | (1.149,1.011) | (1.437,1.772)
vo =1 (1.529,1.015) | (1.533,1.015) | (1.515,1.016)
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Example 2 - Survival functions

patient (1,36)  E(K,) =41.9 patient (0,36)  E(K,)=41.9
o o
— | —— Estimate under GG—mixture — | Estimate under GG—mixture
2\ = - Estimate under N-IG \ = - Estimate under N-IG
'\ + Estimate under DPM \ « « « Estimate under DPM
© | '
o
© |
o
N
o
N
o

Estimated survival functions under th&= (o, n, Go)-mixture prior for 2 patients for

small-cell lung cancer dataset when= 2.44 and~, = 1, E(K,,) = 41.93,
o ~ discretizedBeta(1,1).

INI workshop on BAYESIAN NONPARAMETRIC REGRESSION MODELS - Cambridge (UK) — p. 32/-



Comparison between two GG (o, n, G )-mixture

Predictive fit measure via a cross-validation approachHendpirit” of
Gelfand, Dey, Chang ('92) under tineedian regression model

(t1,...,t,) Survival times
T; | 777, j € S*= index set of non-censored data

y;, j € S*, estimated median from the predictive distributibn| 7(=7)

t; — y;: residual

t. 7. . 0
i Y —: standardized residual
medrp, | p(-) |Y; — 9

e — Wie . .
I:=3 ;= ;| . predictive fit index

~

’ medp, -5 |Y; — 7j|
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Example 2 - Standardized Residuals

o = 1/2: AFT when the errol” ~ NIG-mixture

NIG prior Iy c=94.42

RESIDUALS

o o oo
o
oo

oo
o

40 50 60 70 80
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Example 2 - Standardized Residuals

o — 0: AFT when the erroV/ ~ DPM

Dirichlet prior IpIR=99.99
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Example 2 - Standardized Residuals

INIG =94.42 IDIR =99.99
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Comments and future work

* the density estimates (for densities on the positive remldgr the
GG(o,n,Go)-mixture model witho ~ 7 (o) fundamentally agree with
estimates undesimilar nonparametric model$+{(G (o, n, Go)-mixture
with o fixed) but seem more robust with respect to the choice of
hyperparameters i@

* GG(o,n,Go)-mixture model with a randorm seems more effective in
detecting the number of clusters in density estimation ¢aslcided in
Lijoi et al. 2007 for mixtures of normals)

* GG(o,n,Go)-mixture model witho ~ 7 (o) in the AFT setting seems
more flexible tharGG (o, n, Gy )-mixture model withs fixed

* the flexibility of theGG (o, n, G)-mixture models is provided at higher
computational cost

* k(-;v1,92)=Weibull as already suggested in the literature

* simulation of prior/posterior trajectories 6f in order to
o efficiently compute Bayes factors f6tG (o, n, Go)-mixtures
o simulate functionals ofr

[nanks to Fabrizio Ruggeri
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