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Leveraging external data in the design and analysis of clinical trials in
neuro-oncology.
Rahman et al 2021, Lancet Onc




Integration of External Data in Clinical Trials

RCT with Futility stopping

External Control Data

Final analyses using
only data from the
RCT

IAs based on the internal data
from the RCT and the EC data:
continue or stop for futility

RCT with adaptive randomization
‘ (D) R-R/NR Hybrid Trial Design
- Futility Analysis . Robust Inference on

; P effects
- sample-si. ARSI RANRTLRNLSNRSLN

Randomize to experimental re-estimation Continue or discontinue
and control arm enrollment to the control arm

Ventz et a. 2021 Neuro-Oncology
Ventz et a. 2021 Nature-Communications
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Are there treatment effects in some biomarker subgroups?



Datasets :RWD+RCTs

Table 1. Di of pi patient ch for the TMZ+4-RT arm of three clinical studies and three RWE studies
Study AVAglio
NCT ID NCTO01013285 NCT00441142 - NCT00943826
PubMed ID DFCl-cohort UCLA-cohort PM21135282 PM25910950 PM22120301 PM24552318
Data type RWE RWE RWE Phase Il Phase Il Phase lll
Arm TMZ+RT TMZ+RT TMZ+RT TMZ+RT TMZ+RT TMZ+RT
Enroliment period 8/06-11/08 2/09-6/1 8/05-2/1 6/09-3/11
Enroliments to SOC 378 305 1o 29 16 460
0OS events 269 265 89 24 15 344
Age
Median 58 57 59 58 59 57
Range 18-91 20-84 20-90 26-73 36-69 18-79
SD 13 13 14 n n 10
Sex (%)
Females 043 036 0.36 0.45 05 0.36
Males 0.57 0.64 0.64 0.55 05 0.64
KPS (%)
<80 0.55 0.39 0.32 0.24 0.44 0.31
>80 0.45 0.61 0.68 076 0.56 0.69
Data missing (n) 27 17 0 0 0 0
RPA (%)
3 NA 0.22 0.25 NA 012 0.16
4 NA 0.42 0.41 NA 0.75 0.61
5 NA 034 033 NA 013 023
6 NA 0.02 0.01 NA 0 o
Data missing (n) 378 0 0 29 1 [
Resection (%)
Biopsy 014 022 021 021 0 0.09
Sub total 0.47 0.47 0.36 0.48 031 0.49
Gross total 0.39 031 0.43 0.31 0.69 0.42
Data missing (n) 12 15 0 0 0 0
MGMT (%)
Unmethylated 043 o7 0.60 0.86 043 0.67
Methylated 057 029 0.40 014 0.56 032
Data missing (n) 194 128 40 7 0 0.23
IDHT (%)
Wild-type 0.91 0.91 0.98 0.83 NA NA
Mutant 0.09 0.09 0.02 017 NA NA
Data missing (n) 188 0.46 52 6 16 344
+ IDH1, isoci ase T; KPS, Karnofsky performance status; MGMT, Of ine-DNA ; RPA, recursive partitioning
analysis.

Rahman et al 2023, Clinical Cancer Research



Setting

| RCT, D= (Y,X,A) | ED, Dg = (Yg, Xg, AE)

Outcome Y = (Yl, .y Yn) Ye = (YE71, ceey YE,nE)
Covariates X =(X1,...,Xn) Xe=(Xe1s-, XEng)
Treatment A= (Al, .. ,An) A = (AE,la ... ,AE’,,E)

Distribution p(y, x, a) pe(ve, XE, ag)

» Permutation-compatible null hypothesis:

Ho : p(y, x, a) is invariant to any permutation of a,V(y, x, a)

» Hy implies no treatment effect in any patient subpopulation

Ex(YilXi = xi, Ai = 1) = Ep(Yi|Xi = x;, Ai = 0),Vx;



Bayes Optimum (ob) vs Constrained Bayes Optimum (cob)

Expected Utility Action Space D Operating
characteristic

frequentist
constraints

constrained
action set

Action space: candidate testing functions.
Utility criteria: expected power.
Operating characteristic : Type | error < « ( robust control )

Prior 4+ Utility Criteria + Regulator Constraint — Test



Stepl: select a joint prior model for D and Dg

Example:
round1 |
Biomarker 2 Biomarker2 U, 15
Biomarker 1 W Biomarker 1
oY
LL L
12 round3 L]Z
Biomarker 2 \UU,; UL, Biomarker 2V UL,
LUU,,, LUL,
LU, gl
Biomarker 1 Biomarker 1

Xu et. al, Stat Biosci 2016



Integration of ED through a Bayesian model

» A working model M facilitating integration of ED

RCT: qo(ylx,a) = [1; ga(yilxi ai)
M =< ED: qeg(yelxe,ae) = [1; ae.0(vE ilxE i aE,i)
Prior: 7(0),0 € ©

» Specification of gy and qg ¢ allows for HTE (e.g., interaction
terms)

» Reflects prior belief on the discrepancy between RCT and ED

» Conditional distribution 7(0|Dg) summarizes the information
in ED
7T(9|’D5) X 7T(9)qE79(YE|XE, AE)

> A test statistic for RCT data incorporating 7(6|Dg)

m(D) = / ao(Y X, A)x(0|Dg)do



ED-augmented Permutation Test

7 =(m,...,7n) @ permutation of (1,...,n), 7€ T.

Algorithm permutation test

1. Input: The number of permutations J, ID D = (Y, X,A),
working model M, conditional distribution 7(6|Dg)

m(D) = [, qo(Y|X, A)m(6|Dg)do;
for j«— 1to Jdo
T < a random sample from T
mj = [y ao(Y|X, AT (0|De)do;

Output: ¢(D) =1 [w

S

<«




Proposition (Optimality of ED-PT)
#(D) has maximal Bayesian expected power (BEP) among all level
« tests, where BEP of a test ¢’ is defined as

BEP(¢') = E(x,a)~p U ([ &'(Y, X, A)ge(Y|X,A)dY) 7r(9|DE)d6’}

recall:
7 prior model
¢ is the testing procedureD — {0,1}



A simple example

» Compare the operating characteristics of ED-PT and other
testing procedure, especially the robustness against
discrepancy between RCT and ED

v

Xi, Xg,i € {0,1} are subpopulation indicators

» Data generating mechanism

A; % Bernoulli(2/3), Ag; = 0,
YilAi, Xi ~ N(YA; + B1Xi + A Xi, 1),
YE,ilXei ~ N(Bo + p1XE i, 1).

> ,31 = 0.5,’)/ = 0.5,’)/1 =-0.3
» HTE: 0.5 and 0.2 in X; =0 and X; = 1 respectively
Bo quantifies the discrepancy between RCT and ED

v



A simple example: testing procedures

P All methods are based on the working model

YilAi, Xi ~ N(bp + 01 Xi + 02A; + Ai03X;, 1),
Ye,il Xe,i ~ N(6o + 61 XE i, 1),

® ED-PT: the proposed testing procedure in Algorithm 1

® Test-A: the same algorithm as ED-PT but without using ED
© Test-B: a Wald test for (62, 63) based on the RCT only

@ Test-C: a Wald test for (#2,63) based on RCT + ED

@ Test-D: an oracle Wald test that knows the outcome model
of the control in the RCT



An example: simulation results

alpha-level = 0.05 107 e—0 Test-D
0.125
Test-c | Method
0.100
o) ~+- Oracle
o 0.8- )
ntg C ED-PT -e= Permutation
L 0.075 g '—‘——’—‘\,_.\‘\\ ~ Wald
2 3
w o
— 0.050 ] Data
° 0.6-
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P 0.025 Test-A - RCT
0.000 0.4-
-010 -0.05 000 005 0.0 -010 -005 000 005  0.10
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one-sided testing

» Hy does not distinguish between positive and negative
treatment effects

P the experimental treatments could perform worse than the
control (e.g., toxicities)

> with negative effects we don't want to reject the null
ED-PT has to be modified
> Main idea: we modify the test statistic

v



Modified ED-PT for one-sided alternatives

We propose two types of modifications:
@ Posterior probability:

(D) = /(:) (0D, Dg)do,

where © C © indicates the parameter space corresponding to
relevant treatment effects. In the illustrating exampling, we
can set © = {6, > 0 or 0 + 65 > 0}

® Expected regret:

(D) = 4 [ 31y [Eqy (YilXi, A = 3i(0)) — Eq, (Yi|Xi, A = 0)] dm(0 | D, D),

where a;(0) = arg-max_ Eg, (Yi|Xi, Ai = a) is the optimal
treatment for subject i based on the working model M



example (continued): negative treatment effects

> Inflated rejection probability of the original ED-PT under
negative treatment effects

» Both m; and my can resolve this issue

» The same data-generating model as before with v = 0 and
M E [_17 1]
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Glioblastoma (GBM) datasets

» Collections of multiple GBM trials and EHR data (Rahman et.
al 2023)

» Patients treated with temozolomide and radiation therapy
(TMZ+RT)
» Focus on the AVAGLIO study and DFCI EHR

» Outcome: 12-month survival (binary)

» Covariates: age, sex, Karnofsky performance status (KPS),
MGMT methylation status and extent of tumor resection
(EOR)

» Four subgroups defined by KPS (< 90 vs. > 90) and MGMT
(positive vs. negative) status

> Two biomarkers that might modulate treatment effects (Chen
et al. 2018)



Generating in silico RCTs and EDs

» A resampling schema as in ? to create synthetic RCTs and
EDs

P Accurate evaluation of operating characteristics
» The simulation follows four steps:

@ /n silico RCT: sample with replacement n patients from
TZM+RT arm of the AVAGLIO study

@® Treatment assignment: randomly assign n; = n/(1 + r) to the
in silico experimental arm and the rest to the control

© Introduce treatment effects: randomly flipped negative
outcome in the experimental arm into positive with a
pre-specified probability

@ In silico ED: sample with replace ng patients from either the
TZM+RT arm of the AVAGLIO study or the DFCI EHR data



Methods in comparison

» We consider the following working model:

logit[gg(y = 1|x,a)] = 0o + O]x + 0,2 + 0] xa6a,
logit[ge o(y = 1xg)] = o + (0x + 0 .x)"x,

where x = (age, sex, EOR, MGMT, KPS, MGMT x KPS)

» Laplace approximation to compute m(D) and its variants
» We consider four classes of methods:
@ ED-PT, ED-PT-my, ED-PT-m, and a permutation test
without using ED (Test-A)
@ Wald test without accounting for covariates (Test-B, C)
© Likelihood ratio test for (6,,6;) using RCT and RCT + ED
@ Causal inference based methods for external control
integration: a matching approach and an IPW approach



Type | error rates and power
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Type | error rates and power
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Type | error rates and power
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Conclusion

> We investigate the use of ED in the analysis of RCTs where
HTEs are plausible

» \We propose a permutation test that leverage information from
external data through a Bayesian model with the aim of
enhancing power

» We illustrate the strength of our permutation procedure with
a simulated example and a retrospective analysis of GBM data
collections



