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Introduction

Investigations of treatment effect heterogeneity
routinely part of many trials in Phase Il and Il

« Common questions:
* |s the treatment effect the same across the population?
« Can we define a subgroup of patients with increased treatment effects?

« Usually exploratory

« Based on pre-specified baseline covariates in moderate numbers (<
30)

« Statistically challenging: multiplicity, lack of power

Here we consider these analyses in the context of
dose-finding trials
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Motivating example

0.5

Phase Il dose-finding trial
« N=270 :
* Dose levels: 0, 25, 50, 100 o
» Continuous endpoint (change from baseline) R T

3DD

» 10 baseline covariates (6 categorical, 4 continuous)

Exploratory analyses investigating treatment effect
heterogeneity/ possible subgroups

* Do baseline covariates interact with treatment/dose?

» Are there subgroups with higher treatment effects?

» Are there subgroups requiring different doses?

100

Available subgroup identification methods usually designed for

two-arm trials

Here we want to take underlying dose-response relationship

into account
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General idea

. Standard Emax:

Emax -

dosem

EDL, + doseh

EO + Emax
 In our setting with baseline covariates
X:

E, (JTC) + Emax (%) Dézo(x) + dose”

response

dose™

—
dose
Covariates on E,:
Prognostic covariates
(modify response
independent of treatment)

Covariates on E,,, or EDg:
Predictive covariates (modify
treatment effects)

Main aim: Identify predictive covariates, which can then be used to
define subgroups
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A possible approach

We previously proposed model-based recursive partitioning (mob)
(Seibold et al., 2016, Thomas et al., 2018) for subgroup
identification in this setting

* Mob is a tree-based method, which identifies subgroups with
differential dose-response

« Uses Bonferroni corrections to control for multiplicity
« Mob applied to the example:

$ global zZ7r =1 zZ7=2

0.5+

0.0-
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dose

2=

4

5B b
=
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Mob: Pros and Cons

Main advantages of mob

* Quite easy to use
« Finding suitable cut-offs part of the algorithm

» Good performance with regards to variable selection and subgroup
identification in simulations

 Can handle covariate-covariate interactions and non-linear covariate
effects

Drawback: Dose-response modeling

« Dose-response models are fitted separately in each subgroup, without
borrowing information from other subgroups

« Models don't take uncertainty with regards to subgroup selection into
account

« Doesn't allow modeling covariate effects on specific dose-response
parameters

Can we find a method, that has similar variable selection
performance as mob, while improving on the modeling?

Here we propose a Bayesian hierarchical dose-response model
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Bayesian dose-response model

For normally distributed data
« Data: (Y, d, xD, ..., x*))

* Y:response variable

* d: dose variable

« xM, ..., x(® : paseline covariates of interest for subgroup analyses

Y ~N(u 0%)
dh

h
EDg, + dt

W= Eo+ Enax

FEy = g, + .-jli‘(lj S -'jki‘{kj

L k
Em-a:]: = OB 0e T "‘,-'11‘{ ) 4 ... 4 'ﬂ.-'kl'{ )

JOU{EDJD) = (YE Dsxy + (51.1‘(1;' 4.+ *’JH(M

« Choose non-informative priors
foro,h, ag,, ag .«

max’ EDg,

* Priors for B,y,87

Non-informative priors
would lead to overfitting
Instead use shrinkage/
variable selection priors
Here we consider Spike-
and-slab and horseshoe
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Considered Shrinkage priors

Spike-and-Slab (Mitchell & Beauchamp, 1988, George &
McCulloch, 1993):

0, ~N(0,c2%;),j=1,..,k
A; ~ Bern (p)

* Gold standard for Bayesian variable selection

*  Mixture between ‘spike’ at zero and normally-distributed ‘slab‘ with
variance c2 _/¥

* prepresents inclusion probability, e.g. if p = 0.2 we expect 20% of the 4 2 0 2
covariates to have a coefficient different from zero
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Considered Shrinkage priors

Spike-and-Slab (Mitchell & Beauchamp, 1988, George &
McCulloch, 1993):

0, ~N(0,c2%),j=1,..,k
A; ~ Bern (p)

» Gold standard for Bayesian variable selection

*  Mixture between ‘spike’ at zero and normally-distributed ‘slab‘ with
variance c?

* prepresents inclusion probability, e.g. if p = 0.2 we expect 20% of the _/¥
covariates to have a coefficient different from zero

4 2 0 2
Horseshoe (Carvalho et al., 2010, Piironen & Vehtari,
2017):
292y i
0~ N(0,+r %), =1,k
A~ C*(0,1)
T~ C+(0r ‘12)
* Good theoretical properties, clear separation of noise and large effects J
«  Combination of local (4;) and global (t) shrinkage component | ‘ IL |
* 1 determines number of non-zero coefficients a priori 4 2 0 2

* Wide tails can lead to convergence issues, when using MCMC

* Regularized horseshoe with improved MCMC sampling properties
proposed by Piironen & Vehtari (2017)
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Back to the dose-response model

Model specification using horseshoe priors

EO = OED —+ -'_7111'(1‘] + ..+ -'jkl'{k‘]

1 k
Em.a:c — ('IE _'_ .f-«ll-l‘r{ j _'_ . .. _'_ _r-«ll.kl\{ ]

i max

log(EDsp) = app, + 012V 4+ -« + 6,2,

Horseshoe priors on coefficients:
« Same local shrinkage components for
covariate effects on Emax and ED50 ,
« Reduces model complexity 1~ N, 72007 =1, k
* Represents focus on distinction
prognostic vs predictive

9 4 [prog 2, .
Bi ~ N(O,TEAT™7), j=1,... k

5 o N(O.22red®y .y "
AVt T i I jg=1,..., .
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Back to the dose-response model

Model specification using horseshoe priors

10

Lo = ag, + Bz 4. 4 Bz

Ema:c = Qg M 1{

max

log(EDsxy) = agps, + 012"

Horseshoe priors on coefficients:

Same local shrinkage components for
covariate effects on Emax and ED50
Reduces model complexity
Represents focus on distinction
prognostic vs predictive

Independent priors on local shrinkage
components (option 1):

Shrinkage for prognostic and predictive
effects of the same covariate
independent

Possible to include interactions
(predictive effects) without main effects
(prognostic effects)

-I-j _'_ . e . _'_ r-«:kl\{k)

) 4 Gz

9 4 [prog 2, .
Bi ~ N(O,TEAT™7), j=1,... k

94 [ prea 2, .
v ~ N(0, T;}}nf) ) ), 3=1,..., k

d N () —E}l[;n-wr]?. 1 I
'-'fm'.{"ﬂ i 1B 1=1 ..., .

AP C0F(0,1) =1,k
AFed L CH0,1) j=1,..,k,
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Back to the dose-response model

Model specification using horseshoe priors

Ey = ap, + -'311‘(”I + e 4 .-j;cr{k"

Ema:c = Qg + 7T

max

( (k)

log(EDsp) = appsy + 012 + - 4 o™

Horseshoe priors on coefficients:

« Same local shrinkage components for

covariate effects on Emax and ED50
* Reduces model complexity
» Represents focus on distinction
prognostic vs predictive

Dependent priors on local shrinkage

components (option 2):

* Idea: Don'’t shrink prognostic effects
more than corresponding predictive
effects

. Use 4,7"*Das lower bound for 2,79

» Reduces probability for ‘interaction
without main effect’ - outcomes

10

9 4 [ prog 9.

Bi ~ N(0,73AF™7), j=1,... .k
9 + (pred) 2,

¥~ N(O,Z2AP DT =1k
AT 3 (pred 2,

8 ~ N(O, ;A7) j=1,..., k

A~ CT0,1) =1,

(prog) o (*) y(pred), . .
Aj =max(A; LA )i =1,..., F

AP 0t (0,1) j=1,..., k,
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Simulation study to compare priors

« Simulation setup (default scenarios):
« 5dose levels: 0, 12.5, 25, 50, 100
« 50 patients on each dose (250 patients in total)
« 0=0.25
« h=1

« 10 independent standard normally distributed covariates xq, ..., x;,

« Scenarios for Emax model parameters:

Scenario Ey(x) Eax (%) EDgqo(x)

1: Null 1.2 0.17 20

2: Only prog. 1.2+ 0.1x; + 0.1x, + 0.05x; 0.17 20

3: Prog. + pred. 1.2+ 0.1x; + 0.1x, + 0.05x3 0.17 + 0.1x, — 0.1x5 20 * exp(—0.75x, + 0.75x3)
4: Only pred. 1.2 0.17 + 0.1x, — 0.1x5 20 * exp(—0.75x, + 0.75x3)

« Comparisons of interest:

*  Spike-and-Slab vs horseshoe vs regularized horseshoe

* Independent priors on local shrinkage components for prognostic and predictive effects vs Dependent priors (as on

previous slide)

* Include oracle (true model) and model without shrinkage as general comparators

11
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Simulation results 1: No treatment effect heterogeneity

null only prognostic
0.20- *

(7]

c

2

Qo . .

g 0.15- H

o ]

o . . . . . T . . H

é 1 7 1 : : . H ' shrinkprior

i} | H . 1 H ! . H ’ Edhs

€ 0.10- H l Bl rhs

uEJ : sas

© NA

g

k-]

w 0.05-

w

=

o

0.00-
oraclenoshrink hs hs_dep ths rhs_dep sas sas dep oraclmoshrink hs hs_dep rhs rhs_dep sas sas_ dep
methods
Eqg E D Emax

SCETATIO method x1 x2 x3 x4 x1 x2 x3 x4 x1 x2 x3 x4

null oracle 0 L] 0 0 L] L] 0 0 L] 0 0 0
noshrink | 0.55 051 058 054 | 053 053 054 051 [ 046 044 045 045
hs 0.00 000 000 000( 000 000 000 000000 000 000 O0.00
hs_con 0.00 000 000 000( 000 000 000 000 (000 000 000 0.00
rhs 0.00 000 000 000( 000 000 000 000 (000 000 000 0.00
rhs_dep 0.00 000 000 000( 000 000 000 000 (000 000 000 0.00
sas 0.00 000 000 000( 000 000 000 000 (000 000 000 0.00
sas_dep 0.00 000 000 000( 000 000 000 000 (000 000 000 O0.00

only progn. oracle 1 1 1 0 0 0 0 0 0 0 0 0
noshrink | 1.00 100 005 056 | 052 052 054 055 | 046 040 046 047
hs 099 100 0054 002|001 000 000 000 (000 000 001 0.00
hs_dep 1.00 100 0899 009 ) 001 000 000 000|001 001 000 0.0
rhs 099 100 003 002|000 000 000 000 (000 001 001 0.00
rhs_dep 1.00 100 0899 010) 001 000 000 000|000 001 000 0.0
sas 098 099 071 000|001 001 003 000 002 001 005 0.00
sas_dep 099 100 050 000|001 000 001 000 (001 001 001 0.00
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Estimation of individual
treatment effect curves:

Shrinkage priors all close to
oracle

Model without shrinkage
much worse

No big differences between
shrinkage priors

Variable selection:

Close to zero false positive
identifications of predictive
covariates

Negligible differences
between different shrinkage
priors
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Simulation results 2: Existing Treatment effect
heterogeneity

13

prognostic and predictive

only predictive

Estimation of individual
treatment effect curves:
« Shrinkage priors generally
%k" better than model without
- shrinkage
« Horseshoe vs Spike-and-
slab depends on scenario
« Dependent priors improve
estimation in first scenario,

are slightly worse in second

Variable selection:
* Only correct covariates are
selected often by shrinkage

priors

0.25- .
.
.
" .
5 s
:5 0.20- . T T H o
°
@ : - .
a
8o1s : : 1 .
i, .
L0 5 .
)
t .
N By i
£ i
< o.10- .
g
=
)
. R EEEERD
0 0.05-
=
x i ! '
0
0.00-
oraclenoshrink hs hs_'dep ths rhs_'dep sas sas_'dep oraclenoshrink hs hs_'dep ths rhs_'dep sas sas_'dep
methods
Ey EDxgy Ear
SCenario method x1 x2 x3 x4 x1 x2 x3 x4 x1 x2 x3 x4
progn. & pred.  oracle 1 1 1 0 0 1 1 0 ] 1 1 0
noshrink | 1.00 1.00 0.86 054 | 0.53 090 089 056 | 049 09 096 0.50
hs 0.99 08 014 002) 0.00 018 008 000|001 055 031 0.00
hs_dep 100 100 032 003|001 024 010 000 | 002 0% 034 0.00
rhs 009 085 014 001 0.00 019 009 000 | 001 055 0290 0.00
rhs_dep 100 100 031 002§ 001 025 011 000 | 001 057 033 0.00
sas 0.00 084 000 000 0.01 020 016 000 | 0.01 045 023 0.00
sas_dep 000 09 018 000 0.00 030 019 000 | 001 050 028 0.00
only pred. oracle 0 0 0 0 0 1 1 0 0 1 1 0
noshrink | 0.52 063 0.64 056 | 0.54 091 080 055 | 046 095 0.05 047
hs 0.00 003 003 000 000 020 030 000|000 09 09 0.00
hs_dep 0.00 005 005 000 0.00 027 027 000|000 09 000 0.00
rhs 0.00 003 003 000|000 032 032 000|000 09 091 0.00
rhs_dep 0.00 004 004 000 000 028 028 000|000 09 091 0.00
sas 0.00 003 003 000 000 076 077 000|000 09 006 0.00
sas_dep 0.00 006 007 000 0.00 067 060 000|000 09 08 0.00

 Distinguishing prognostic
from predictive covariates
unproblematic
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Simulation study: Conclusions

« All shrinkage priors show desired behavior of identifying relevant
predictive covariates, while reducing false positives

« Based on our simulations horseshoe gives more consistent
results than Spike-and-slab

« Essentially no differences between horseshoe and reg. horseshoe
In performance; reg. horseshoe preferred choice, because of
better MCMC sampling properties

« Dependent priors increase chance to detect relevant predictive
covariates in scenarios with prognostic and predictive effects

Similar results obtained for larger sample sizes and larger number
of covariates

All in all dependent regularized horseshoe seems like a good
default choice

') NOVARTIS
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Comparison to mob

Compare the Bayesian hierarchical model to mob for different types
of covariate effects:

interaction

step—function

0.4-

o
w

o
[N

o
.

e
o
;

logistic

#+#%+#

noshrlnk rhs dep noshrlnk rhs dep
methods

RMSE of treatment effect predictions
© o o o
—_ I\J DJ -ll>~

e
=

» Variable selection performance relatively similar, mob slightly better for
non-linear scenarios
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Back to the example

Phase Il dose-finding trial

« N=270

 Dose levels: 0, 25, 50, 100

« Continuous endpoint (change from baseline)

0.5

o
o

response

!
o
w»

« 10 baseline covariates (6 categorical, 4 continuous)

Now analyzed with Bayesian approach (reg. HS)

Posterior summaries for local shrinkage components

parameter mean sd  2.5% 25% 50% 5% 97.5%
Alpred) 168 688 003 034 078 165 805
Alpred) 308 7721 0.03 035 084 179 970
Afpred) 091 113 003 027 059 114 383
Alpred) 158 280 003 035 082 173 775
Abpred) 1.00 608 004 036 083 181 1019
AgFred) 345 3847 0.4 041 009 224 1547
[,x';*""‘-" ' 832 6487 007 0901 254 602 3060
AgFre 1.56 325 003 035 078 165 749
Alpred) 306 1520 005 049 117 274 1416
Alpred) 089 110 003 026 058 113 363

16

response

0.0~

20 40 60 80 100
dose

Individual dose-response curves
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Discussion

The presented approach makes use of Bayesian dose-response models
with shrinkage priors to deal with the challenges of subgroup identification

Reduces rate of false positive findings through shrinkage

Can handle different types of outcomes and different types of covariates
(continuous, categorical, binary)

Allows estimation of individual dose-response curves

Limitations: assumes linear function of covariates on DR-parameters, no
covariate-covariate interactions, choice of hyperparameters for shrinkage
priors non-trivial

How to identify a subgroup with increased treatment effect based on the
model? Some possibilities:

17

Threshold on posterior individual treatment effect predictions (posterior
median or other quantile)

Use identified predictive covariates to define subgroup

Fit regression tree with individual treatment effect predictions as target and
covariates as features (see Foster et al., 2011)
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