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Supplementary Methods

Dissimilarity measure

The HT design (see Methods) utilizes dissimilarity statistics W, at completion of the 1% phase (£ =
1) of the study and at completion of the trial (¥ = 2). The statistics W, quantifies evidence against
the hypothesis of identical conditional binary outcome distributions Pr(Y; = 1|X;,4; = 0, S;) for
the IC (4; = 0,S; = 0) and EC (4; = 0,S; = 1) populations based on the available data at the
interim (¢ = 1) and final (£ = 2) analyses.

For both analyses (£ =1,2), we estimate the parameters (maximum likelihood estimation)

of two nested binary regression models M; and M,,

M;y: Pry(Y; = 1|X; =x,4;,=0,5) =F (ﬁo +zﬂj xj)'

where F(t) = 1/(1 + exp(—t)), and

M,: Pr,(Y;, =1|X; =x,4;,=0,5,) =F (,80 + yoS; + Zﬁj xj + Zyj * Xj * Sl-).
Under M, patients in the IC and EC population have identical conditional outcome distributions.
Whereas under model M, the IC and EC groups can have different conditional outcome
distributions, i.e. Pr,(Y;|X;, 4; = 0,S;) for S; = 0,1 can be different.

Model M; is nested within model M, (i.e., M; corresponds to M, when y; = 0 for all j =
0,1, ...,J] — 1, interaction parameters), where ] indicates the difference between the number of
parameters in model M, and M;.

We compute the likelihood ratio statistics!

W, = 2 « { log Pry(Data; f™2, yM2)) — log Pry(Data; f*1)},

where Data = {(Y;, X;, A;, S;)}; indicates the available (internal and external) data at the time of
(interim or final) analysis. Here fM and (M2, y ™2) are the maximum likelihood estimates for
the parameters in model M; and M, .

Under mild assumptions!, the statistics W, has approximately a central )(jz-distribution with
J degrees of freedom' and expected value Ej;, [W,] = ] when Model 1 holds. While, if Model 2
holds, then W, has approximately a non-central y7-distribution” with J degrees of freedom, non-
centrality parameter A> 0, and E), [W,] = J+A. The parameter A>0 increases with the magnitude
of the components of y and the sample sizes of the EC and IC datasets'-2. In summary, both A and
the statistics W, tend to increase with the magnitude of y and the sample size. We use the statistics

W, to quantify the dissimilarity of the conditional outcome distributions.



Futility interim stopping rules

The ECT, HT and RCT designs (Methods) allow for early termination of the study due to
insufficient evidence of positive treatment effects (TEs) of the experimental treatment compared
to the SOC treatment, TE = Ex ¢_o[P(Y = 1|X,A = 1) — Ex s-o[P(Y = 1|X,A = 0), (i.e., early
futility stopping). Based on the available data at the end of the 1% stage, we compute a one-sided

(1 — a;4)-confidence interval, (—oo, U, ,), for the treatment effect TE (we used a;4 = 0.1 in our

arA
simulations). For HTs when W; > w;, and for RCTs, we use standard confidence intervals® based
on normal approximations for the differences of the response rates of the experimental and IC arms
— without using EC data. Whereas for both, the HT design when W; < w; and the ECT design,
we used confidence intervals based on normal approximations for the estimated treatment effects

based on marginal structural models*(MSMs). If the confidence interval (—oo,U,,,) does not

ara
include a minimum targeted treatment effect TE,,;, (we use 0.1 in our analyses), then the study is

closed early for futility.

Adjusted treatment effects’ estimates

We used MSMs* to estimate
TE = EPF(X)[E(Y|X,A =1)—E{Y|X, A= O)]
= Eprx)| Y14 = 1] = Epy (9 [Y]4 = 0], (S1)

in ECTs, where Pr(X) is a reference distribution of pre-treatment patient characteristics. The

estimation of the TE with MSMs requires the following main steps:

1) MSMs require the specification of patient-specific weights 7;, for each patient i in the
experimental (4; = 1) and in the EC (4; = 0) groups. The weights r; are functions of the
propensity score (PS) estimates é;. The PS e; corresponds to the conditional probability e; =
Pr(A; = 1|X;). The estimates &; are computed fitting a logistic model e; = (1 + e~*i)~1
with parameters 7.

Different types of weights 7; can be specified. The definition of 7; depends on the reference
distributions Pr(X) in equation (S1). For example, if Pr(X) is the distribution of pre-
treatment variables X in the experimental arm (4;=1), then ;= A4; + (1 — 4;)é;/(1 — é;).

2) Next, we use a marginal logistic regression model, Ep,(xy[Y]4; v] = 1/(1 + e vomvad ) to

estimates the conditional expectations in (S1). The parameters v = v(Pr(X)) = (vy, V4)



depend on the reference distribution Pr(X), and are estimated by maximizing the

weighted log-likelihood function

() = Zri In Pr(Y;|4;; v) (S2).

i
Here the weights {r;}; combine the patient-specific log-likelihoods InPr(Y;|4;; v), to
estimate v in the reference population Pr(X).

Alternatively, one can fit a logistic model Ep,(x)[Y |4, X*; v] = 1/(1 + e Vo~vad=vxX"),
given a subset X* of pre-treatment variables, via weighted maximum likelihood

estimation (as in S2). When Pr(X) in (S1) corresponds to the distribution of pre-

1-A4;

treatment variables in the (combined) EC and ECT study population and r; = ? t

we can use G-computations>¢, and obtain the estimate

TEg = (N + Ngc) ™t il Eprx) [Y|A=1X;v] - Eprx) [Y]A = 0,X;;v]}.

Censoring and data imputation for binary primary outcomes

In our resample-based evaluation of the ECT and HT designs with binary outcomes (overall
survival [OS] after t; months), the OS times (Y5 ;) of some patients in the ES-SLCL datasets were
censored at time t; < tg, within the first t; months since randomization, and the binary outcome

Y; = 1(Yps; > tg) was therefore unknown. For these patients we used data imputation”® based on
estimates of the conditional probability Pr(YOS,i > tE|Y05,l- >t,X l-) using study-specific

proportional hazards models.

Power of the ECT and RCT designs

For any testing procedure (e.g., t-test), the power increases with (i) the treatment effect and (ii) the
arm-specific sample sizes. For a fixed treatment effect, the power of the test increases with the
number of patients in the control and in the experimental arms. Intuitively, a large sample size
corresponds to low variability of the treatment effect estimate, and in turn to accurate
discrimination between superior and non-superior experimental treatments.

Hypothesis testing with a RCTs that enrolls n patients typically involves only the outcome
data. In contrast, the ECT design augments the internal sample size (n patients, all assigned to the
experimental arm) of the study with an additional EC dataset of ng patients treated with the SOC.

Hypothesis testing with the ECT design involves data from ng- + n patients. This augmented size



explains differences in the power between the RCT and ECT designs.

We provide a stylized example for a clinical trial with n=50 patients. For simplicity we
assume that there are no relevant pre-treatment variables to adjust for (i.e., there are no
confounders, this assumption could be easily relaxed). We compare:

(a) the RCT design, with 1:1 randomization. The RCT enrolls 25 patients for the

experimental arm and 25 patients for the IC arm.

(b) The ECT design, with an additional EC dataset with ngy. = 500 patients. The ECT

assigns to all 50 patients the experimental treatment and leverages the 500 EC datapoints.
By using 500 additional data points (50 vs 550), the ECT design has higher power than the RCT
design. For example, for binary outcomes and response probabilities (py, p;) = (0.6, 0.85) for the
control and experimental treatments, the RCT with a z-test for proportions has a 64% power, while

the ECT with a z-test has >90% power.

Hybrid design for time-to-event endpoints

The HT design for time-to-event endpoints (e.g. OS, PFS, etc.) is nearly identical to the one for
binary outcomes. At completion of the first stage, after enrollment of the first n; patients in ratio
T1c: Ty g, an IA is conducted to determine if the trial should be terminated early for futility, and
potentially to update the randomization ratio to 7, c: 7, g for the remaining n, patients during the
second stage. These two decisions are supported by an index of dissimilarity.

We use the log partial-likelihood ratio statistics’ between two nested Cox proportional
hazards models W, = 2 * { [,(fM2, yM2)) — 1;(f*)}. Here [;,j = 1,2, indicates the log partial-
likelihood of two nested Cox models. The approach is nearly identical to the binary case (Section
1.1). The first model M; - with patient-specific hazard rate proportional to exp(}. §; x;) - assumes
that the conditional distribution P; (Y; = t|X; = x,4; = 0,S;) does not dependent on S;. Whereas
model M,, with hazard rate proportional to exp(yoS; + X f;x; + X yj * x; * S;), allows for
differences P,(Y; > t|X; =x,A4; =0,5; =0) = P,(Y; = t|X; = x,4; = 0,5, = 1) between the
conditional survival distributions S; = 0,1.

At completion of the trial, after N < n events became available, we re-compute the index
of dissimilarity (W,) using all the available data. If W, is larger than a pre-defined threshold w,,
then the EC data are excluded from the final analyses. If W, < w,, then the final trial analyses

leverage the EC data.



For HTs with W, < w,, we utilized a Cox proportional hazards MSM* to estimate the
hazard ratio (HR) between the experimental and SOC treatments and to test the null hypothesis
Hy: HR > 1, using the data available at completion of the trial and the EC data. For HTs with
W, > w, we utilize only the trial data to estimate the HR (Cox model) between the experimental

and IC groups, and test H, (test: log-rank test’).



CALGB- Pirker et CALGB-

Study 973211 GALES?? al.13 Salgiaetal.’*  30504%%

NCT number 0000-3299 0036-3415 0011-9613 0143-9568 0045-3154
Age Yes Yes Yes Yes Yes (<65, >65)
Sex Yes Yes Yes Yes Yes

ECOG PS Yes Yes Yes No Yes
Smoking before the study No No No Yes No
Weight loss within last 6 month No No No No No
Hemoglobin level at baseline No Yes Yes Yes No

Baseline lactate dehydrogenase
in normal range No Yes Yes No No

HER2 No No No No No

CYFRA 21-1 No No No No No
TP53 No No No No No

Supplementary Table 1: Availability of potential confounding pre-treatment variables in the ES-SCLC
datasets.

Study CALGB-973211 GALES12 Pirker et al.13 Salgia et al.14 CALGB-305041>
NCT number 0000-3299 0036-3415 0011-9613 0143-9568 0045-3154
Enrollments 283 455 232 42 41

Sex

Male 130 (46) 330 (73) 159 (69) 17 (40) 20 (49)
Female 153 (54) 125 (27) 73 (31) 25 (60) 21 (51)
Age

<65 96 (34) 180 (40) 80 (34) 26 (62) 16 (39)
>65 187 (66) 275 (60) 152 (66) 16 (38) 25 (61)
Race

White 255 (90) 379 (83) 232 (100) 39 (93) 40 (98)
African
Americans 17 (6) 8(2) 0(0) 2(5) 1(2)
Native
Americans 2(1) 0(0) 0(0) 0(0) 0(0)
Asian 1 (0) 61 (13) 0(0) 0(0) 0(0)
Other 8(3) 7(2) 0(0) 1(2) 0(0)
ECOG PS

0 80 (28) 121 (27) 0(0) 0(0) 17 (41)

1 189 (67) 277 (61) 181 (78) 0(0) 15@37)

2 13 (5) 55(12) 51(22) 0(0) 9 (22)
Missing 1(0) 2(0) 0(0) 42 (100) 0(0)

Supplementary Table 2: Distribution of pre-treatment variables for the control arms of the five
ES-SCLC studies. For each study and pre-treatment variable, the table reports the number
(proportion) of patient per category. Source data are provided as a Source Data file.



Model

Variables

Sex (ref. Female)
Male
Age (ref.>=65)

ECOG-PS (ref. 0)
1

2

Race(ref. white)
Black
Indian/Alaskan
Asian

Other

Random effects
CALGB-9732!
GALES"?

Pirker et al."?

Stratified Cox model

HR (95%-CI)

1.45 (1.23, 1.72)
0.70 (0.68, 0.82)

1.28 (1.00, 1.59)
2.54 (2.24, 3.44)

1.30 (0.83, 2.02)
0.40 (0.09, 1.66)
0.94 (0.58, 1.51)
1.16 (0.66, 2.05)

2-sided
p-value

<0.001
<0.001

0.0024
<0.001

0.244
0.197
0.781
0.599

Random effects Cox model

HR (95%-CI)

1.42 (1.21, 1.68)
0.71 (0.60, 0.83)

1.28 (1.03, 1.59)
2.43 (1.81, 3.25)

1.34 (0.86, 2.08)
0.42 (0.10, 1.76)
0.87 (0.55, 1.40)
1.18 (0.67, 2.07)

1.08
0.91
1.03

2-sided p-value

<0.001

<0.001

0.02
<0.001

0.187
0.227
0.568
0.565

Supplementary Table 3: Pre-treatment patient characteristics associated with overall survival (OS) for
ES-SCLC patients treated with etoposide in combination with platinum-based chemotherapy (EP).
Estimated hazard ratios (HRs) in a multivariable Cox regression model with baseline hazard rate stratified
by study (2" column) and a non-stratified multivariable Cox regression model with study specific random

intercepts (3rd column). Source data are provided as a Source Data file.

Model

Variables

Sex (ref. Female)
Male

Age (ref.>=65)

ECOG-PS (ref. 0)
1
2

Race (ref.)
Black
Indian/Alaskan
Asian

Other

Random effects
CALGB-973211
GALES12

Pirker et al.13

Random effects Logistic Regression

OR (95%-Cl)
1.42 (1.21, 1.68)
0.71(0.60, 0.83)

1.28 (1.03, 1.59)
2.43(1.81, 3.25)

1.34 (0.86, 2.08)
0.42(0.10, 1.76)
0.87 (0.55, 1.40)
1.18 (0.67, 2.07)

1.08
0.91
1.03

p-value
<0.001
<0.001

0.02
<0.001

0.187
0.227
0.568
0.565

Supplementary Table 4: Logistic regression with study-specific random intercepts. Estimated
odds ratios (ORs) for the effect of pre-treatment patient characteristics on overall survival after 9
months of EP treatment. Source data are provided as a Source Data file.



Study UCLA'S  Chinotetal'” Lee atal.'® Cho et al."

PubMed ID PM24552318 PM25910950 PM22120301
Sample size 378 305 460 29 16
OS Events 269 265 344 24 15
Age

Median 58 57 57 58 59
Range 18-91 20-84 18-79 26-73 36-69
SD 13 13 10 11 11
Sex (%)

Females 0.43 0.36 0.36 0.45 0.5
Males 0.57 0.64 0.64 0.55 0.5
KPS (%)

<=80 0.55 0.39 0.31 0.24 0.44
>80 0.45 0.61 0.69 0.76 0.56
Resection (%)

Biopsy 0.14 0.22 0.09 0.21 0

Sub Total 0.47 0.47 0.49 0.48 0.31
Gross Total 0.39 0.31 0.42 0.31 0.69
MGMT (%)

Methylated 0.57 0.29 0.32 0.14 0.56

Supplementary Table 5: Distribution of pre-treatment patient characteristics for the
temozolomide plus radiation (TMZ+RT) groups in the collection of GBM datasets. Source data

are provided as a Source Data file. Abbreviations: KPS, Karnofsky performance status; MGMT, O6-
methylguanine-DNA methyltransferase, SD, standard derivation; OS, overall survival.



Model Stratified Cox model Random effects Cox model
Variables HR (95%-CI) 2-sided p-value HR (95%-CI) 2-sided p-value
Sex (ref. Female)

Male 1.14 (0.96,1.38) 0.133 1.15(0.96,1.38) 0.119
Age

linear 1.04 (1.03,1.05) 2.56*10°!¢ 1.04 (1.03,1.05)  1.24*107!'¢
KPS (ref. <90)

>= 90 0.75(0.62,0.91)  0.003 0.76 (0.63,0.91)  0.003
MGMT (ref. unmethylated)

Methylated 0.44 (0.36,0.53)  1.80*10°"7 0.44 (0.36,0.53)  4.38*107'6
Resection (ref. biopsy)

Sub total 1.32(0.91,1.93) 0.139 1.29(0.89,1.87) 0.178
Gross total 1.28 (1.06, 1.53)  0.008 1.27 (1.06, 1.52)  0.009
Random effects

DFCI'¢ - - 0.9998 -

UCLA!® - - 0.9998 -

Chinot et. al'’ - - 1.0001 -

Cho et al.'® - - 1.0001 -

Lee et al.!” - - 1.0000 -

SD of random effects - - 0.004 -

Supplementary Table 6: Pre-treatment patient characteristics associated with overall survival for GBM
patients treated with TMZ+RT. Estimated hazard-ratios in a multivariable Cox regression model with
baseline hazard rate stratified by study (2™ column) and a non-stratified multivariable Cox regression model

with study specific random intercepts (3th column). Source data are provided as a Source Data file.
Abbreviations: KPS, Karnofsky performance status; MGMT, O6-methylguanine-DNA methyltransferase, SD;
standard derivation; HR, hazard ratio.



1: 1: 0:
< < < < <
E R 8 8 8 8
3 7 32 R g R
< I < I < [5) < ) < (0]
T & = 2 & = 2 |& = Z |& = z |& = =
DFCI'® 0.4 61 2 99 69 1 99 74 2 99 79 1 100 | 46 0 100
0.5 77 0 100 | 82 0 100 | 88 0 100 | 92 0 100 | 63 0 100
0.6 90 0 100 | 89 0 100 | 94 0 100 | 99 0 100 | 78 0 100
0.7 95 0 100 | 95 0 100 | 97 0 100 100 O 100 | 92 0 100
UCLA'® 0.4 58 2 99 64 2 99 70 2 99 62 0 100 | 41 1 100
0.5 73 1 100 | 78 1 100 | 85 1 100 | 86 0 100 | 58 0 100
0.6 86 0 100 | 88 0 100 | 92 0 100 | 96 0 100 | 75 0 100
0.7 91 0 100 | 93 0 100 | 95 0 100 | 99 0 100 | 87 0 100
Chinotet. al” 04 |57 2 99 |60 2 99 |69 2 99 |67 1 100 |42 1 100
0.5 73 0 100 | 78 1 100 | 84 1 100 | 85 0 100 | 58 0 100
0.6 86 0 100 | 88 0 100 | 92 0 100 | 96 0 100 | 74 0 100
0.7 92 0 100 | 94 0 100 | 95 0 100 100 O 100 | 87 0 100

Supplementary Table 7: Resampling-based evaluation of the operating characteristics of the hybrid
trials (HTs), externally controlled trials (ECTs) and randomized clinical trials (RCTs) designs in
GBM. We used individual-level data from patients treated with TMZ+RT from five GBM data sets. Rows
4-7, 8-11 and 12-15 show results for an experimental treatment with a positive treatment effect, when 7 =
0.4,0.5,0.6 and 0.7. Here 7 indicates the conditional probability of a positive response to the experimental
treatment given a counterfactual negative response to the control treatment. We report the power, the
proportion of trials stopped early for futility, and the average sample size across 2,000 in silico trials. Source
data are provided as a Source Data file.



Distribution of Effect of pre-treatment Response rates for

.é pre-treatment variables on the outcome in the EC, IC and
s variables in the EC | the EC (and HT) population EXPT

3 population

@ P1 D2 D3 , , 3 EC IC EXPT
1 0.2 0.8 0.5 0.5 -0.5 0.0 043 050 040

2 0.2 0.8 0.1 0.5 -0.5 1.5 046 0.66  0.58

3 0.2 0.8 0.9 0.5 -0.5 1.5 0.73 0.66  0.58

4 0.2 0.8 0.1 0.5 -1.5(1.5) 1.5 030 0.66  0.58

5 0.2 0.8 0.9 0.5 -1.5(1.5) 1.5 0.55 0.66  0.58

Supplementary Table 8: Inferiority scenarios (ET<0). We consider three binary pre-treatment variables
X = (X1, X,, X3). The variable X3 is not available and is not used in the interim and final analyses. For
patients enrolled in the hybrid trial (HT), the three pre-treatment variables are independent, with p(X; =
1) = 0.5 for j = 1,2,3. Columns 2-4 report the distribution p(X; = 1) of the three independent variables
in the external control (EC) population. Patient outcomes Y, given the pre-treatment variables, were
randomly generated from a logistic model, p(Y = 1|X,4,S5) = F(6A + X'65),A = 0,1 and S = 0,1, where
F(t) =1/(1 + exp{ — t}). Columns 5-7 show the effects (s, log odds-ratio) of the pre-treatment
variables X; on the expected outcome Y in the EC (S=1) and HT (S=0) populations. When 6, ; = 6, ; we
omit the value in parenthesis (6 ;). The treatment effect (TE, log odds ratio) for inferior experimental
treatments equals § = —0.4. Columns 8-10 show the average response probability for the EC (A = 0,5 =
1), the internal control (IC) (A =0,5S =0), and the experimental treatment (EXPT, A =1,5 =0)
populations with and without treatment effects.



Design HT HT ECT RCT

assignmentratior, c: 1,y 1:1 0:1 0:1 1:1
Scenario 1 (no unmeasured confounding)
Type I error rate (%) 1 0 1 0 0
% of trials stopped at [A 49 38 37 90 25
Average study duration 18 19 19 13 21
Average sample size 91 97 98 66 105
Scenario 2 (unmeasured confounding)
Type I error rate (%) 1 1 1 1 1
% of trials stopped at [A 25 22 23 90 22
Average study duration 21 21 21 13 21
Average sample size 105 107 106 66 107
Scenario 3 (unmeasured confounding)
Type I error rate (%) 1 1 1 20 1
% of trials stopped at [A 29 25 25 21 21
Average study duration 20 21 21 21 21
Average sample size 103 105 105 107 107
Scenario 4 (unmeasured confounding)
Type 1 error rate (%) 1 1 1 0 1
% of trials stopped at IA 22 22 22 100 21
Average study duration 21 21 21 12 21
Average sample size 107 107 107 60 107
Scenario 5 (unmeasured confounding)
Type I error rate (%) 1 1 1 95 1
% of trials stopped at [A 44 33 33 1 22
Average study duration 19 20 20 24 21
Average sample size 94 100 100 119 107

Supplementary Table 9: Operating characteristics of the hybrid trials (HTs), externally controlled trials
(ECTs) and randomized clinical trials (RCTs) designs when the ET<O, for different distributions of
measured (X;, X,) and unmeasured (X3) prognostic patient pre-treatment characteristics (see Table S9 for
details). For each scenario we report the type I error rate, the proportion of generated trials stopped early at
IAs for futility and the average sample size/study duration across 2,000 simulations. Source data are
provided as a Source Data file.



(a) no unmeasured confounding (b) unmeasured confounding

BR-IL P BR-IL p——e—
IPS-w4 — p——— IPS-w4 — f———
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Supplementary Figure 1: Comparison of different methods to estimate covariate adjusted
treatment effect estimates. Panel A reports treatment effect estimates (dot=average value,
bars=10th and 90th percentile) across 10,000 generated ECT trials (n=75) according to scenario 1
in Table 1, without unmeasured confounding, when the true treatment effect is null (TE=0, vertical
brown dashed line). We consider matching (M), direct standardization (DS), marginal structural
models (MSMs), inverse-probability weighting (IPW), and binary-regression with identity-link
(BR-IL) function. For IPW and MSM we use different reference distributions w,.,v = 1, ..., 4 (see
(1) in the main document and Ventz et al.!?), which correspond to the empirical distribution of X
in the experimental arm (r=1), in the EC population (r=2), in the HT and EC combined groups
(r=3), and in the overlap of the two populations (r=4). Panel B shows the same operating
characteristics when there is unmeasured confounding between the study and EC population
(according to scenario 2 in Table 1) and the true treatment effect is null (TE=0). Source data are
provided as a Source Data file.



CALGB-9732" GALES"” Pirker et al.* CALGB-9732' GALES” Pirker et al’’

2 1(A) —< Type 1 error rate o |(B)
-A&- Power
o HT
2
RCT <
o _| o
o
~ |
e %c\!_
EO
o | 4 2
>° Al L
= N (| 3o
_80'_ ] (] R0 e A At M At 2 B
& [ A [ €
i 1 1 1 ot
s 7] & £
(] (N (] B
o | 10 1 1 29
© i 1 1
o (] (N (]
o (] (Nl (] < |
o
(] (N (] '
S (N (] (N
- ——FH———— ¢t — -t ———— —— - ——
2 TT (] T T (N T—T 1 g |
|

Study design Study design

Supplementary Figure 2: Operating characteristics of in silico hybrid trials (HTs), externally
controlled trials (ECTs) and randomized clinical trials (RCTs, n=75 for all trial designs) generated
by resampling the control arms of the ES-SCLC studies. For HTs we used final analyses based on
a permutation test (see Methods). Panel A shows type I error rates (solid vertical lines with a cross)
and power (dotted vertical lines with an arrow) across 2,000 in silico trials (n=75). Panel B
illustrates the variability/bias of the treatment effect estimates; the dots indicate the average
treatment effect estimates across 2,000 in silico trials (n=75) and the vertical bars indicate the 5%
and 95% percentiles across these in silico trials using the leave-one-study-out resampling
algorithm (TE=0). Source data are provided as a Source Data file.
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Supplementary Figure 3: Power (dashed curve) and type I error rates of the HT design (final
analyses based on a permutation test, 7y ¢: 7y p = 1: 1 and 1, c: 7, p = 0: 1) across different sample

size n (x-axis). We used the leave-one-study-out resampling algorithm. Different colors
1 2

. . n 1 .
correspond to different 1% stage sample sizes n, 71 =355 Source data are provided as a Source

Data file.
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Supplementary Figure 4: Type I error rates (1% row) and power (2™ row, = = 0.4, in the leave-
one-study-out resampling algorithm) of different trial designs across a range of overall sample
sizes n=50, ..., 200. We consider the hybrid trial (HT, withry c:7yp = Liland rp i1 = 0: 1),
an externally controlled trial (ECT) and an RCT design. A/ indicates an analysis based on MSMs,
and A2 corresponds to an analysis via a permutation test. Source data are provided as a Source

Data file.

The random-effects analysis (Table S3) and the operating characteristics in Figure 2 (for a fixed
sample size n=75) showed that, for the EC-SCLC datasets, the available patient-level pre-treatment
variables are insufficient to produce unbiased treatment effect estimates with adjustments in ECTs.
Similarly, Figure S4 shows that the outcome distributions Pr(Y; = 1|X;,4; = 0, S;) of the IC(S; =
0) and EC (S; = 1) groups differ. For the Gales et al. study, the expected conditional outcomes of
the IC (S; = 0) tend to be larger than the expected conditional outcome in the EC group (CALGB-
9732 and Picker et al studies). This inflates the type 1 error rates of the ECT. As expected, the
type 1 error rate becomes more pronounced as the sample size of the ECT 7 increases.
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Supplementary Figure 5: Operating characteristics of different trial designs with overall survival
as primary outcome (see Section 1.5). We consider a hybrid trial design (HR), an externally
controlled trial (ECT) design and an RCT design. Panel A shows type I error rates (solid vertical
lines with a cross on top) and power (dotted vertical lines with an arrow on top) across in 2,000 in
silico trials (n=100). Panel B shows the variability/bias of treatment effect estimates (dots =
average treatment effect estimates across in 2,000 in silico trials (n=100), vertical bars = 5th and
95th percentiles of across these in silico trials) based on the leave-one-study resampling algorithm.
A1l indicates an analysis based on MSMs, and 42 corresponds to an analysis via permutation test.
Source data are provided as a Source Data file.
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Supplementary Figure 6. Generating in silico trials with a positive treatment effect (TE).
Graphical represenation of how we introduce a positive experimental treatment in the leave-one-
study-out resampling algorithm (see Methods). For each patient on the in silico experimental
treatment (EXPT) arm with negative response (4; = 1, ¥; = 0), we randomly generate a binary
random variable R;, with Pr(R; = 1) = m, representative of the treatment effect for patient i. If
R; = 1, then the negative outcome is relabeled as a positive outcome (i.e., we setY; = 1). If R; =
0, then the outcome remains unchanged (Y; = 0).
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Supplementary Figure 7: A graphical representation of the permutation test (see Methods). Left
panel: First, a treatment effects estimate TE = TE (Dyr, Dgc) is calculated using the hybrid trial
(HT) data (Dyr) and the external control (EC) data (Dg). Right panel: We randomly permute the
treatment assignment variables {4;};<, in the HT (4, o1 A0, Apyn)s while the assignment
variables {4; = 0};>, in the EC dataset remain identical. We then compute the estimate t; =
TF(DHT' P17 DEC) using the EC data (Dg() and the permuted HT data (Dyr ,, ). Bottom part of the
figure: We repeat the permutation step (Right panel) 1,000 times to obtain estimates t., ¢ =
1, ...,1000, using different random permutations of the treatment labels in the HT dataset. We then
estimate the p-value as p = Y. [(TE = t.) /1000.
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Supplementary Figure 8: The empirical distribution of the estimated p-values (without multiplicity
adjustments) for the one-sided permutation test detailed in the Methods Section and Supplementary Figure
7. We used the Leave-one-study-out resampling algorithm to generate for each SCLC study 2,000 in
silico trials (TE=0). Source data are provided as a Source Data file.
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