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About me

• Background in mathematics and statistics

• PhD in survival analysis and joint modelling from University of Leicester.

• 10+ years experience working in survival analysis methods development.

• CEO & Director of Statistical Methodology at Red Door Analytics

• Main research and teaching interests: survival methods, multi-state models
and joint models
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Why Bayesian survival analysis?

• Stata released bayes and bayesmh, but the latter passed me by for awhile
• bayes : ... is possibly my favourite example of well designed syntax

• Lots of previous work syncing with Stan and WinBUGS

bayesmh allows user-defined likelihood evaluators - could I play around with it?

• I started last year at the Nordic meeting with
• morgana : stmerlin ... , distribution(rp) df(3)

• This year I moved the goalpost
• morgana : merlin (...)(...)(...) ...
• predict newvarname, statistic
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example
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Primary breast cancer

• To illustrate, I use data from 2,982 patients with primary breast cancer,
where we have information on the time to relapse and the time to death.

• All patients begin in the initial post-surgery state, which is defined as the
time of primary surgery, and can then move to a relapse state, or a dead
state, and can also die after relapse.
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State 1: Post-surgery 

State 2: Relapse 

State 3: Dead 

Transition 1 
h1(t) 

Transition 3 
h2(t) 

Transition 2 
h3(t) 

Absorbing state 

Transient state 

Transient state 

Illness-death model for primary breast cancer example.
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Covariates of interest

• age at primary surgery

• tumour size (three classes; ≤ 20mm, 20-50mm, > 50mm)

• number of positive nodes

• progesterone level (fmol/l) - in all analyses we use a transformation of
progesterone level (log(𝑝𝑔𝑟 + 1))

• whether patients were on hormonal therapy (binary, yes/no)
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Data setup

. use multistate_example, clear

. mat tmat = (.,1,2\.,.,3\.,.,.)

. msset, id(pid) states(rfi osi osi) times(rf os os) ///
transmatrix(tmat)

. stset _stop, enter(_start) failure(_status==1) scale(12)

. list _start _stop _from_to _status _trans if pid==3007
+--------------------------------------------------------+
| _start _stop _from _to _status _trans |
|--------------------------------------------------------|

7480. | 0 12.451745 1 2 1 1 |
7481. | 0 12.451745 1 3 0 2 |
7482. | 12.451745 12.485079 2 3 1 3 |

+--------------------------------------------------------+
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merlin
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Building a merlin model

merlin (_t /// response
hormon pr_1 /// covariates
if _trans==1 /// transition 1
, family(rp, df(3) /// distribution

failure(_d)) // event indicator
)
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Building a merlin model

merlin (_t hormon rcs(pr_1, df(3)) /// covariates
rcs(_t , df(2) offset(age)) /// second timescale
rcs(_t, ...)#rcs(pr_1, df(1)) /// NPH on timesc. 2
if _trans==1 /// transition 1
, family(rp, df(3) failure(_d))) /// distribution

(_t age hormon /// covariates
if _trans==2 /// transition 2
, family(rp, df(5) failure(_d))) // distribution
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Building a merlin model

merlin (_t hormon rcs(pr_1, df(3)) /// covariates
rcs(_t , df(2) offset(age)) /// second timescale
rcs(_t, ...)#rcs(pr_1, df(1)) /// NPH on timesc. 2
if _trans==1 /// transition 1
, family(rp, df(3) failure(_d))) /// distribution

(_t age hormon /// covariates
if _trans==2 /// transition 2
, family(rp, df(5) failure(_d))) /// distribution

(_t hormon fp(pr_1, powers(1 2)) /// covariates
if _trans==3 /// transition 3
, family(rp, df(5) failure(_d) /// distribution

ltruncated(_t0))) // left truncation
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Predictions
Probability of being in state 1 at time t

predict p1, transprob(1) transmatrix(tmat) at(hormon 1) zeroes
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morgana
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Bayesian flexible survival analysis

• Bayesian methods are hugely popular in HTA

• Particularly in meta-analysis and survival analysis

• Incorporating prior information is a strength, particularly in rare diseases

• In survival analysis, a huge issue is extrapolation to a lifetime horizon
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Bayesian flexible survival analysis - morgana
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Syncing bayesmh with a likelihood evaluator

// fill up the current samples
gml.myb = newb
merlin_xb(gml,gml.myb)

// calculate the total log likelihood
alllnl = 0
for (i=1;i<=gml.Nmodels;i++) {

gml.model = gml.modtoind = i
alllnl = alllnl + quadcolsum((*Plnl[i])(gml))

}
st_numscalar(st_local("lden"),alllnl)
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Building a merlin model

morgana : ///
merlin (_t hormon rcs(pr_1, df(3)) /// covariates

rcs(_t , df(2) offset(age)) /// second timescale
rcs(_t, ...)#rcs(pr_1, df(1)) /// NPH on timesc. 2
if _trans==1 /// transition 1
, family(rp, df(3) failure(_d))) /// distribution

(_t age hormon /// covariates
if _trans==2 /// transition 2
, family(rp, df(5) failure(_d))) /// distribution

(_t hormon fp(pr_1, powers(1 2)) /// covariates
if _trans==3 /// transition 3
, family(rp, df(5) failure(_d) /// distribution

ltruncated(_t0))) // left truncation
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Bayesian flexible survival modelling
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Adding an informative prior

morgana , prior({m_1_hormon}, normal(-0.2,0.1)) : ///
merlin (_t hormon rcs(pr_1, df(3)) /// covariates

rcs(_t , df(2) offset(age)) /// second timescale
rcs(_t, ...)#rcs(pr_1, df(1)) /// NPH on timesc. 2
if _trans==1 /// transition 1
, family(rp, df(3) failure(_d))) /// distribution

(_t age hormon /// covariates
if _trans==2 /// transition 2
, family(rp, df(5) failure(_d))) /// distribution

(_t hormon fp(pr_1, powers(1 2)) /// covariates
if _trans==3 /// transition 3
, family(rp, df(5) failure(_d) /// distribution

ltruncated(_t0))) // left truncation
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bayesgraph diagnostic {m_1_hormon}
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Predictions

Utilising the saved samples

// grab the saved samples
curfr = st_framecurrent()
st_framecurrent(st_local("sframe"))
st_view(b=.,.,"eq0_*")
st_view(freq=.,.,"_frequency")
st_framecurrent(curfr)

// calculate the prediction and store
for (i=1;i<=Nsamps;i++) {

gml.myb = b[i,]
merlin_xb(gml,gml.myb)
pred[,i] = (*pf)(gml)

}
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Predictions
Probability of being in state 1 at time t

predict p1, transprob(1) transmatrix(tmat) at(hormon 1) zeroes
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Next steps with bayesmh
Multilevel & multiple outcomes

morgana : merlin (y ... M1[id]@1, family(gaussian)) ///
(...)(...)

User-defined models with bayesmh

bayesmh y x U0[id], llevaluator(ll, parameters({var})) ///
block(U0[id], reffects) ...

Random effects not supported;
Parameters corresponding to a random-effects variable may not
be used in user-defined evaluators.
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Next steps with merlin

• merlin’s current release is v2.4.5

• version 3.0.0 is under development, and:
• cuts computation time by anywhere from 40% to 70% in testing
• supports full factor variable specification
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Meet...

Merlin & Morgana

Ronaldo & Messi
Stata & Mata

Yes, I’m aware the cats are the highlight of my talk
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