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Abstract

Background: Randomized controlled trials offer the best design for eliminating bias in estimating treatment effects but
can be slow and costly in rare disease research. Additionally, an equal randomization approach may not be optimal in
studies in which prior evidence of superiority of one or more treatments exist. Supplementing prospectively enrolled,
concurrent controls with historical controls can reduce recruitment requirements and provide patients a higher likeli-
hood of enrolling in a new and possibly superior treatment arm. Appropriate methods need to be employed to ensure
comparability of concurrent and historical controls to minimize bias and variability in the treatment effect estimates and
reduce the chances of drawing incorrect conclusions regarding treatment benefit.

Methods: MILES was a phase Il placebo-controlled trial employing 1:1 randomization that led to US Food and Drug
Administration approval of sirolimus for treating patients with lymphangioleiomyomatosis. We re-analyzed the MILES
trial data to learn whether substituting concurrent controls with controls from a historical registry could have acceler-
ated subject enrollment while leading to similar study conclusions. We used propensity score matching to identify
exchangeable historical controls from a registry balancing the baseline characteristics of the two control groups. This
allowed more new patients to be assigned to the sirolimus arm. We used trial data and simulations to estimate key out-
comes under an array of alternative designs.

Results: Borrowing information from historical controls would have allowed the trial to enroll fewer concurrent con-
trols while leading to the same conclusion reached in the trial. Simulations showed similar statistical performance for
borrowing as for the actual trial design without producing type | error inflation and preserving power for the same study
size when concurrent and historical controls are comparable.

Conclusion: Substituting concurrent controls with propensity score—matched historical controls can allow more pro-
spectively enrolled patients to be assigned to the active treatment and enable the trial to be conducted with smaller
overall sample size, while maintaining covariate balance and study power and minimizing bias in response estimation.
This approach does not fully eliminate the concern that introducing non-randomized historical controls in a trial may
lead to bias in estimating treatment effects, and should be carefully considered on a case-by-case basis. Borrowing histor-
ical controls is best suited when conducting randomized controlled trials with conventional designs is challenging, as in
rare disease research. High-quality data on covariates and outcomes must be available for candidate historical controls
to ensure the validity of these designs. Additional precautions are needed to maintain blinding of the treatment assign-
ment and to ensure comparability in the assessment of treatment safety.
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Background

Randomized controlled trials (RCTs) are the accepted
gold standard for determining treatment efficacy and
safety. Validity hinges on the random allocation of
eligible subjects to the intervention and control arms. If
no effective therapies are available, as is the case for
many rare diseases, control subjects are assigned to a
sham treatment (placebo). In rare disease research,
accrual is often limited by the lack of eligible patients.
Also, enrollment can be slow if patients are less
motivated to participate for fear of not receiving active
treatment.

Under certain conditions, existing data on patients
who may serve as non-randomized historical controls
may supplement information collected from prospectively
enrolled, concurrent controls. Increasing the allocation of
prospectively enrolled patients to the experimental arm
while supplementing the control arm with historical con-
trols is an appealing strategy to augment clinical trials.'
Such a strategy can increase the probability that patients
receive a promising new treatment, increase statistical
power and shorten the time required to complete the
trial.

Historical control data may be available from previous
single-arm or randomized trials or from non-randomized
studies, including disease registries and well-designed nat-
ural history studies, which may provide high-quality
information. Using “real-world data” to determine treat-
ment effectiveness would be consistent with the policies
of the US Food and Drug Administration (FDA),*?
which is open to using real-world evidence in its decision-
making processes.

Valid statistical approaches have been developed for
incorporating information from historical controls®™
that satisfy certain “acceptability criteria.”'® A compre-
hensive account of different methods can be found in
recent review articles.'""!> Recent literature has focused
on the criteria for choosing historical controls and
appropriate statistical methods for data analysis.'* 2

A major concern about using non-randomized his-
torical controls is the potential for bias in estimating
treatment effects. Studies may differ according to elig-
ibility criteria and other patient characteristics, leading
to covariate imbalance between studies. Thus, combin-
ing studies to compare treatments may lead to con-
founded effect estimates. Effect modification may also
lead to differences in effect estimates between studies.

Propensity scores have been widely used to eliminate
confounding and reduce bias in treatment effect estima-
tion from observational studies.>’*? In this approach,
the conditional probability of being assigned to a certain
group given a set of observed covariates is estimated
under the assumption of no unmeasured confounding.
This method can be used to select historical controls and
replace concurrent controls in an RCT, so long as the
relationship of the known confounders and -effect

modifiers with the response is specified correctly in the
propensity score model.>>%*

In this article, we evaluate the impact of alternative
designs that could have been applied to a completed
randomized placebo-controlled trial of sirolimus for the
treatment of lymphangioleiomyomatosis (LAM). We
assess how using a historical registry and borrowing
information from propensity score—matched historical
controls would have influenced enrollment and estima-
tion of treatment efficacy, and discuss benefits and lim-
itations of our approach.

Methods

We demonstrate the use of propensity score matching to
identify exchangeable historical controls in an RCT and
replace concurrent controls while assigning more newly
enrolled patients to the treatment arm according to
different matching schemes. We re-analyze archived trial
and registry data to illustrate the proposed designs and
use simulations to investigate the operating characteris-
tics and performance metrics of the alternative designs.

Problem setup and matching method

We suppose that the ith subject is available from the
RCT, S; = 1 or the historical study, S; = 0. Each sub-
ject in the RCT would have a treatment assignment
denoted by 7; = 1 for treatment or 7; = 0 for control,
whereas the historical study subjects would have
T; = 0. We also assume that the key patient-level cov-
ariates (X;) are measured in both studies. We use the
potential outcome framework in the context of obtain-
ing control subjects from different studies to estimate
treatment effect. Assuming the distribution [Y] T = 0,
X] in the two studies are similar, the RCT and external
control data can be pooled together to improve the esti-
mation of the treatment effect in the RCT by increasing
sample size. The treatment effect will be unbiased given
the known covariates under the assumption of no
unmeasured confounders.

The propensity of the ith subject of taking part in
the study of interest can be calculated as the condi-
tional probability given the covariates X; e(X)) =
P(S; = 5|X;), s = 0, 1. The nearest-neighbor matching
algorithm is commonly used for propensity score
matching. Specifically, the kth subject from the RCT is
matched to the /th subject from the registry if the esti-
mated propensity scores é(X;) and é(X;) do not differ
by more than a pre-determined caliper width, 7.

LAM studies

LAM is a progressive rare disease predominantly seen in
women which is associated with cystic destruction of the
lung.>® The Multicenter International Lymphangioleio-
myomatosis Efficacy of Sirolimus (MILES) study?® was a
phase III, double-blind, placebo-controlled trial that led
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to FDA approval of sirolimus in 2015."?® A total of 89
patients were enrolled across United States, Canada, and
Japan. The primary outcome for the trial was the rate of
change in the forced expiratory volume in 1 s (FEV1) to
measure lung function decline. Employing equal rando-
mization, patients were assigned to receive treatment
(or placebo) for 12 months followed by a 12-month
observation period off therapy. FEV1 was measured at
baseline and at 3, 6, 9, 12, 18, and 24-month follow-up
visits.

The National Heart, Lung, and Blood Institute
LAM Registry (registry henceforth) was a comprehen-
sive and rigorous natural history study established in
the late 1990s.2° It enrolled 246 women in the United
States for a period of 3 years and followed them for up
to 5 years through 2003. Longitudinal data, including
FEVI1, were collected at enrollment and every
12 months. The MILES trial was limited to patients
with FEV1 < 70% of the predicted baseline FEVI
value using age and height as predictors,’! whereas the
registry included patients of all severity levels. Overall,
108 patients from the registry would have met the
MILES trial eligibility criteria and would be available
as historical controls. Treatment strategies for LAM
did not change appreciably between the registry time
frame and the MILES trial enrollment period.

Substituting MILES controls with registry controls using propensity
score matching. We calculate propensity scores to match
MILES patients assigned to the placebo arm as they
enroll with registry controls. The concurrently enrolled
patient is assigned to the treatment arm if a match is
found. The algorithm can be summarized as follows:

(I) Screen patients for eligibility;
(IT) Evaluate treatment assignment in MILES trial as
observed;
(1) If treatment allocation is to the intervention arm;
(1) Patient receives sirolimus;
(i) Use trial outcomes.

(2) Else if treatment allocation is to the control arm;
(1) If there is a matched registry control;

(a) Patient receives sirolimus;

(b) Impute trial outcomes;

(¢) Use matched registry patient as
control.

(i1) Else if no matched registry control is
found;
(a) Patient receives placebo;
(b) Use trial outcomes.

The MILES trial enrolled patients from United
States, Canada, and Japan, while the historical registry

enrolled patients only from the United States. We inves-
tigated two different scenarios: (1) we searched for suit-
able historical controls for all concurrent controls; (2)
we did not attempt to replace Japanese concurrent con-
trols with the historical controls retaining their original
treatment assignments. We graphically illustrate the
steps described above using flowcharts in Figure 1(a)
and (b).

We fit the propensity score model using logistic
regression, including the following baseline covariates:
age at enrollment (X7), race (X,), menopausal status
(X3), disease subtype (Xy), history of angiomyolipomas
(Xs), history of pneumothorax (Xg), need for supple-
mental oxygen (X~), time since diagnosis to enrollment
(X3g), and baseline FEV1 values (Xy). We included an
interaction term for menopausal status and baseline
FEV1 based on subject matter knowledge from prior
publications.*** The baseline covariate distribution
and FEVI slopes for the two control groups are pre-
sented in the online supplement (Supplemental Tables
S1 and S2) to justify our choices. Additionally, we
included interaction terms for baseline FEV1 with age,
disease subtype, and need for supplemental oxygen
after examining the data. More details are in the online
appendix (A1l). We included site (X;) in the propensity
model when Japanese concurrent controls were substi-
tuted by historical controls.

To impute the FEV1 at the rth follow-up time for
the ith placebo arm patient who was re-assigned to the
sirolimus arm, we use a predictive model derived from
the actual trial data

FEV1; =By + By *Xii + ByxXo; +

By * Xa; + By x Xay + Bs x Xs; + B x Xgi + By % Xy +
Bs * Xsi + Bo * Xoj + Big *x Xioi + Biy * Xinie T Bro * Xioi
+ Bz * Xin x Xior + By * Xz % X11i % Xioir

(1)

where X; and X}, refer to time of FEV1 measurement
and treatment arm, respectively.

We used different matching schemes to evaluate four
alternative designs as follows:

Scheme 1. Limits the trial size to 89 patients, but
replaces placebo arm patients with matched historical
controls reducing the required number of prospectively
enrolled patients.

Scheme 2. Includes the original 89 patients, but
increases the trial sample size by shifting concurrent
controls to the sirolimus arm and replacing the shifted
concurrent controls with matched historical controls.

We investigated both 1:1 and 1:2 concurrent control/
historical control matching ratios for the two schemes.
Thus, we have four alternative designs: (a) Scheme
1 — 1:1 Matching, (b) Scheme 1 — 1:2 Matching,
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Figure 1. Treatment assignment algorithm in the re-analysis of the MILES trial data: (a) all patients without regards for recruitment
site and (b) stratified by recruitment site (United States/Canada vs Japan).

(c) Scheme 2 — 1:1 Matching, (d) Scheme 2 — 1:2
Matching. All designs maximize the number of pro-
spectively enrolled patients who receive treatment. The
actual time intervals occurring between prospectively
enrolled patients were used to compute a realistic esti-
mate of the total length of enrollment for each alterna-
tive design. Historical controls were immediately
available and did not contribute any delays.

Data andlysis. The primary endpoint in the MILES trial
was the rate of FEV1 change at 12 months. The rate of
FEV1 change per month (FEV1 slope) was re-estimated
using the baseline, 3-, 6-, 9-, 12-month measures (5 time
points) for the MILES trial and the baseline and
12-month measures (2 time points) for the registry. We
re-analyzed the archived MILES trial data first to
reproduce the results and then obtained the results
under the four hypothetical alternative designs imput-
ing the counterfactual FEV1 values. We used a linear
mixed effects model to fit the FEV1 values measured
over time as a function of time in months, treatment

arm, and treatment-by-time interaction with random
intercept and time effects, to be consistent with the final
analysis of the actual trial. The regression model was
specified as follows

FEVI,'; = (bOit + BO) + (blit + Bl) * time,—,
+ B, * treatment; + [3; * treatment; x time;; + &;.

(2)

The standard error of the FEV1 slope was 2 for both
arms of the trial and 3 for the historical controls indi-
cating that the treatment effect was evaluated with
sufficient precision.

In the MILES trial, a planned interim analysis was
conducted when 40 patients had completed the
12-month visit. We added hypothetical interim analyses
after 20 and 60 patients had completed the 12-month
visit to further investigate the effect size. The Lan—
DeMets alpha spending function®® was used to obtain
a nominal type I error rate of 0.05 at the final analysis.
The total number of patients in the new trial and
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historical controls borrowed were used to calculate the
adjusted type I error rates at the interim analyses and
all confidence limits. Details on the computation of the
confidence limits are in the online appendix (A2).

Simulations

To investigate the operating characteristics and design
properties of the alternative designs, we simulated 2000
data sets. The data were simulated under the following:

1. The null hypothesis (Hy) setting the FEV1 slopes
for both arms equal to that observed in the MILES
placebo arm, that is, no treatment difference;

2. The alternative hypothesis (H;) setting the FEV1
slopes of each arm as estimated in the final report
of the MILES trial.*

The type I error was calculated as the proportion of
95% confidence intervals of the estimated between-arm
FEVI slope difference not including zero under H,.
Power was calculated as the proportion of confidence
intervals not including zero under Hj;.

The FEV1 values for the ith patient at the rth follow-
up time were calculated as follows

FEV1; = w + by + bri x Xi1i + & (3)

where by;;, b, and g;, are randomly generated assum-
ing a N(0, o) distribution with o> = 2000 under H,
and o> = 400 under H,. These values of o> were cho-
sen to yield a 5% type I error and 85% power with a
total sample size of 89. This was done by computing
the error rates for different values of o*. We calculated
the grand mean (u;) for the data generative model
using the same regression model as in equation (1)
using the regression parameters (8s) estimated from the
MILES trial data. The FEV1 values for the registry
controls were not simulated and the actual data were
used for analysis. The actual baseline covariates for all
patients as observed in the MILES trial and the registry
were used for matching and imputing the counterfac-
tual FEV1 values for the trial. Details are in the online
appendix (A3).

Results

We conducted a preliminary analysis to investigate if
the replacement of concurrent controls with propensity
score—matched historical controls would change the
average FEV1 slope among the controls while main-
taining the covariate balance, using the nearest neigh-
bor algorithm with (1) no caliper width (n) specified,
(2)m = 0.2,and (3) » = 0.1 (Table 1). Thirty-two con-
current controls from the United States/Canada were
replaced with 32 (1:1) or 64 (1:2) matched historical
controls without replacement when no caliper width

was specified. Similarly, 43 (1:1) or 86 (1:2) historical
controls were matched when we attempted to replace
Japanese controls with historical controls. The overall
covariate balance achieved was similar for all 5 values,
while the number of available matches decreased with
increasingly smaller caliper widths. The point estimates
of the FEV1 slope differences between control groups
are close to the null value of zero and quite different
from the treatment effect found in the MILES trial.
The standard errors of the slope difference estimates
are larger with smaller caliper widths as expected from
the smaller sample sizes after matching. This analysis
confirmed not only that covariate balance was achieved
through propensity score matching, but also that repla-
cing concurrent controls with historical controls did
not appreciably change the FEV1 slope in the control
arm. We chose not to specify caliper width in subse-
quent analyses for simplicity.

We present the results of the re-analysis of the
MILES trial adding hypothetical interim analysis
results in Table 2. The number of patients on the
MILES trial was 89 by the end of the enrollment period
of 964 days; the treatment allocation ratio and the pro-
portion treated approached the designed value of 0.5
by the second interim analysis. The FEV1 slope esti-
mates and standard errors at the third interim analysis
were very similar to the final analysis estimates for both
sirolimus and placebo arms. The confidence intervals
for the FEV1 slope difference included zero for the first
and second interim analyses but were significant at the
third interim and final analyses.

Table 2 also displays results from the re-analyses
using the four alternative designs not substituting
Japanese controls. In the “Scheme 1 — 1:1 Matching”
design, the trial would require 7, 10, 15, and 22 fewer
concurrent controls, respectively, at the three interim
and final analyses. This design would shorten the
enrollment period by about 2 months (Figure 2). At
least 80% of the prospectively enrolled patients would
have received active treatment. The FEV1 slope differ-
ence would have been significantly different from zero
by the second interim analysis. Using the “Scheme 1 —
1:2 Matching” design would have resulted in 10, 18, 22,
and 34 fewer concurrent controls at the three interim
and final analyses, respectively, but these analyses
would have occurred considerably sooner. The target
number of patients would have been enrolled about
5 months earlier (Figure 2). The total sample size
would have increased to 121 under “Scheme 2 — 1:1
Matching” and 153 under “Scheme 2 — 1:2 Matching”
designs within the same enrollment period of 964 days.
The FEVI1 slope difference would have been signifi-
cantly different from zero by the third interim analysis
for all alternative designs, similar to the observed
design.

The results from the re-analyses of the MILES trial
using the alternative designs substituting Japanese
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Table 2. FEVI slopes by arm and between-arm slope differences for the observed and alternative designs for the MILES trial.
Analysis Interim Interim Interim Final

(first) (second) (third)
Observed design®
Total trial N (ESST) 20 (0) 40 (0) 60 (0) 89 (0)
Treatment ratio 0.60 0.50 0.52 0.52
Proportion treated in current trial 0.60 0.50 0.52 0.52
Days to enroll all patients 474 664 883 964
Sirolimus slope: mean = SE (ClI) 4 * 4 (=27, 35) Il £2(=7,9) 2+2(-47) I £2(=3,5)
Placebo slope: mean * SE (Cl) —12 £5(—50,26) —10*x2(—18, —1) =12 £2(—17,-7) —12 £ 2(—16, —8)
Slope difference: mean * SE (CI) 16 = 6 (—33, 65) I =3(-1722 13 = 3 (6,21)* 13 =3(7,18)*
Alternative design (Scheme | — 1:1 Matching)?
Total trial N (ESST) 13 (7) 30 (10) 45 (15) 67 (22)
Treatment ratio 0.65 0.63 0.61 0.64
Proportion treated in current trial | 0.83 0.82 0.85
Days to enroll all patients 320 566 748 909
Sirolimus slope: mean = SE (Cl) 3 £ 4(-20,26) 3x3(-511) 2 +2(-3,7) 3 +2(0.028)
Placebo slope: mean * SE (ClI) —13+7(—48,22) —1I1 =4(—23,005) —1II x=3(—18, —4) —10 = 2(—15,—6)
Slope difference: mean *+ SE (CI) 16 + 8 (—24,57) 14 = 4(0.22, 28)* 13 = 3(0.84, 22)* 14+ 3(8 19)*
Alternative design (Scheme | — I:2 Matching)®
Total trial N (ESST) 10 (10) 22 (18) 38 (22) 55 (34)
Treatment ratio 0.50 0.53 0.50 051
Proportion treated in current trial | 0.95 0.79 0.8l
Days to enroll all patients 180 504 642 819
Sirolimus slope: mean * SE (Cl) 5+ 8(—-37,48) 4 +5(—13,2l) 3x4(-611) 3£3(-39)
Placebo slope: mean * SE (CI) —5+£9(-52,42) —10x6(—-30,11) —11 £4(-20,-08) —12*3(—18,-5)
Slope difference: mean *+ SE (Cl) 10 = 12(—52,72) 14 = 8(—13,40) 13 = 5(0.08, 26)* I5 = 5 (6, 23)*
Alternative design (Scheme 2 — |:1 Matching)®
Total trial N (ESST) 20 (8) 40 (12) 60 (19) 89 (32)
Treatment ratio 0.71 0.62 0.63 0.64
Proportion treated in current trial | 0.80 0.83 0.87
Days to enroll all patients 474 664 883 964
Sirolimus slope: mean = SE (Cl) 4 * 3(—11,20) 2+2(-59 3x2(-298) 2+2(—1,5)
Placebo slope: mean * SE (Cl) —13 £6(—40,14) —10=*x3(—19, -04) —I12=*=3(—18 -5) —12 £2(—16, —8)
Slope difference: mean * SE (CI) 17 = 6 (—15, 48) 12 = 4 (0.26, 24)* 15+ 3(7,23)* 14 = 3(9, 19)*
Alternative design (Scheme 2 — I:2 Matching)®
Total trial N (ESST) 20 (16) 40 (24) 60 (38) 89 (64)
Treatment ratio 0.56 0.50 0.51 0.51
Proportion treated in current trial | 0.80 0.83 0.88
Days to enroll all patients 474 664 883 964
Sirolimus slope: mean = SE (Cl) 4 £ 5(—21, 30) 2+3(-913) 3x£3(-511) 2+2(-3,6)
Placebo slope: mean * SE (Cl) =11 £7(—44,22) —10 £ 4(-23,2) =11 £3(-20, -3) =11 £2(-16, —6)
Slope difference: mean *+ SE (CI) 15 = 9 (—26, 56) 12 = 5(—4,29) 14 + 4 (3,26)* 13 =3 (6 19)*

SE: standard error; Cl: confidence interval.

TEffective sample size from matched historical controls.

*Signiﬁcant slope difference between treatment arms.

?Adjusted « at interim analyses were 0.0000045, 0.0017, and 0.013.
bAdjusted « at interim analyses were 0.0000045, 0.0017, and 0.013.
“Adjusted « at interim analyses were 0.000006, 0.0013, and 0.011.
dAd|'usted « at interim analyses were 0.000008, 0.001 I, and 0.010.

controls are presented in Table 3. The Scheme 1 designs
would lead to shorter enrollment periods, while the
Scheme 2 designs would lead to larger study sizes, 132
and 175 patients for the two matching ratios, respec-
tively. Substituting Japanese controls resulted in larger
standard errors and wider confidence intervals for the
estimates of FEV1 slopes and differences. The FEV1
slope difference would be significantly different from
zero by the third interim analysis only for the Scheme 2
designs, requiring a much larger sample size to mitigate
between-study heterogeneity.

Table 4 presents the results of the final analysis for
the simulated trials for the observed and the four alter-
native designs under Hy and H;. The type I error was
reduced using the alternative designs compared to the
observed design whether or not Japanese controls were
replaced. The Scheme 2 designs produced estimates of
FEV1 slope differences closer to zero and with nar-
rower confidence intervals when Japanese controls were
not replaced. Under H;, the FEV1 slope differences,
standard errors, and confidence intervals were consis-
tent with the observed design when Japanese controls
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Figure 2. Participant accrual, timing of interim analyses, and total sample size in the MILES trial and in four hypothetical alternative
designs.

Top row: MILES trial; middle row: alternative designs not replacing Japanese controls; bottom row: alternative designs replacing Japanese controls.

were not replaced. The power increased considerably
with the Scheme 2 designs. When Japanese controls
were replaced, a desirable power was achieved only
with the largest sample size under the “Scheme 2 — 1:2
Matching” design.

The performance of the alternative designs compared
to the observed design under both Hy and H; from the
simulations in Table 4 is presented in Supplemental
Figure S1. The mean biases, standard deviations, root
mean squared errors of the FEV1 slope differences were
calculated from the 2000 simulations. The mean biases
were farther from zero for the Scheme 1 designs com-
pared to the Scheme 2 designs. The standard deviations
and root mean squared errors were lower for all alterna-
tive designs compared to the observed design under Hy
for all scenarios. The Scheme 1 designs yielded slightly
higher standard deviations and root mean squared
errors compared to the observed design under H;.

Discussion

Under some conditions, it may be advantageous to
design RCTs incorporating high-quality historical

control data from previous clinical trials or well-
designed longitudinal natural history studies.
Dynamically replacing concurrent controls with com-
parable historical controls can reduce the number of
patients assigned to the control arm or needed for over-
all enrollment, while maintaining covariate balance and
power. More patients can receive a new or potentially
superior treatment, possibly allowing early trial
completion.

Adaptive designs using Bayesian dynamic borrowing
methods' > to achieve desirable treatment ratios assess
similarity between the study outcomes while ignoring
the covariate distribution. Covariate adjusted methods
exist but are similarly contingent upon the exchange-
ability assumption.>*37 Recently, propensity score—
augmented designs have been proposed to balance cov-
ariate distributions discounting dissimilarities on treat-
ment effect.’®** Previous work on incorporating
historical controls using propensity score methods have
focused on comparing trial controls with historical con-
trols. One article focuses on demonstrating how histori-
cal controls can be used to adjust the sample size in
single-arm studies at the end of the trial. A few recent
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Table 3. FEVI slopes by arm and between-arm slope difference for the alternative designs of the MILES trial when replacing
Japanese controls.
Analysis Interim Interim Interim Final

(first) (second) (third)
Alternative design (Scheme | — I:1 Matching)®
Total trial N (ESST) 13(7) 27 (13) 40 (20) 60 (29)
Treatment ratio 0.65 0.68 0.67 0.67
Proportion treated in current trial | I | I
Days to enroll all patients 320 552 664 883
Sirolimus slope: mean * SE (Cl) —2 £ 5(-29,25) —2 * 3 (29, 25) -4 *£3(—11,4) -4 +2(-90.3)
Placebo slope: mean * SE (CI) —13 £ 8(—53,26) —13 £5(-29,3) —15 £ 5(=-27, -3) —12 £ 4(-20, -5)
Slope difference: mean * SE (CI) Il +9(-35,57) I *=6(-7,29) Il = 6(—3,26) 8 = 4(-08, 16)
Alternative design (Scheme | — 1:2 Matching)®
Total trial N (ESST) 10 (10) 22 (20) 30 (30) 44 (45)
Treatment ratio 0.50 0.52 0.50 0.49
Proportion treated in current trial | I | I
Days to enroll all patients 180 504 566 692
Sirolimus slope: mean = SE (Cl) 5+ 8(—37,48) 3 *+5(—13,20) 2*+6(—14,17) 2*+5(=7,11)
Placebo slope: mean * SE (Cl) —5 *9(-52,42) -8 * 6(—29, 12) -3 £6(-20,13) =7 £5(—17,3)
Slope difference: mean *+ SE (CI) 10 = 12 (—52,72) 12 = 8 (—14, 38) 5+9(—18,27) 9 =7 (-5,26)
Alternative design (Scheme 2 — |:1 Matching)®
Total trial N (ESST) 20 (8) 40 (20) 60 (29) 89 (43)
Treatment ratio 0.71 0.67 0.67 0.67
Proportion treated in current trial | I | I
Days to enroll all patients 474 664 883 964
Sirolimus slope: mean = SE (Cl) 4 +3(—12,20) 2 +4(-915) 4+£3(—411) 3+2(-27)
Placebo slope: mean * SE (Cl) —13 £ 6(—42, 16) -9 + 6(—27,10) -9 £4(-20,1) =11 =3(—17,—-4)
Slope difference: mean *+ SE (CI) 17 = 6 (—16, 50) I =7(—11,34) 13 = 5(-0.2, 26) 13+ 4(5,21)*
Alternative design (Scheme 2 — 1:2 Matching)®
Total trial N (ESST) 20 (16) 40 (40) 60 (58) 89 (86)
Treatment ratio 0.56 0.5 0.51 051
Proportion treated in current trial | I | I
Days to enroll all patients 474 664 883 964
Sirolimus slope: mean = SE (Cl) 4 = 5(-23,32) | =4 (=12, 15) 3£4(-613) 3£3(-3,8)
Placebo slope: mean * SE (CI) =11 £7(—47,24) -5+ 5(-20, 10) —5*4(-16,5) -9 *3(—15 -3)
Slope difference: mean * SE (CI) 15 = 9(-29, 60) 6 £ 6(—13,26) 9 = 6(-5,23) 12 = 4 (3,20)*

SE: standard error; Cl: confidence interval.

TEffective sample size from matched historical controls.

*Signiﬂcant slope difference between treatment arms.

?Adjusted « at interim analyses were 0.0000045, 0.0017, and 0.013.
bAdiusted « at interim analyses were 0.0000045, 0.0022, and 0.013.
cAdjusted « at interim analyses were 0.0000023, 0.0018, and 0.013.
dAd]usted « at interim analyses were 0.0000015, 0.0018, and 0.013.

papers have also used propensity score—matched histor-
ical controls to make decisions at interim analysis.*>*
In our analysis, we used propensity score matching
to identify historical controls from a registry with simi-
lar baseline characteristics in order to assign a larger
number of prospectively enrolled patients to the new
treatment arm using alternative designs. We implemen-
ted interim monitoring rules using frequentist group
sequential designs for trial monitoring. The results sug-
gest comparable and often superior performance of the
alternative designs over the traditional RCT design.
Because the MILES trial was completed in the past,
we had access to the characteristics of all participants
at once, which made propensity score modeling and
matching easier to accomplish. In a prospective trial, it
may be necessary to enroll a certain number of patients
to reliably determine the patient characteristics and

effect modifiers to be included in the propensity model.
Additional care would be required if there are unmea-
sured confounders or if all covariates are not measured
in both data sets. There may be subgroups requiring
integration of different sources of external controls. In
the MILES trial, having suitable control patients for
the Japanese patients could have required borrowing
controls from two disparate studies. Additional analy-
sis and matching methods would be required to make
the historical cohorts from different studies similar.

It is well known that propensity scores are sensitive
to model specification.*” Correctly specifying the pro-
pensity model including important baseline characteris-
tics and interaction terms is crucial for ensuring the
validity of the comparisons. The model has to be con-
structed ad hoc from historical data and may not pro-
duce optimal results in an ongoing trial. Model
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Table 4. Simulated FEVI slopes by arm and between-arm slope difference for the observed and alternative designs for MILES at the

final analysis.
Analysis Not replacing Japanese controls Replacing Japanese controls

Ho H, Ho H,
Observed design
Sirolimus slope: mean * SE (Cl) —12 £ 6 (—25,0) 0.7 £ 3(-5,7)
Placebo slope: mean * SE (Cl) =11 =7(-24,2) —12 = 3(—18, —6)
Slope difference: mean = SE(CI) —1 £9(—19,17) 12 £ 4 (4,21)*
Type | error/power 0.05 0.84
Alternative design (Scheme | — |:1 Matching)
Sirolimus slope: mean * SE (Cl) —12£5(-22,-1) 2=*3(-3,7) =11 £5(-21,-06) 2=*3(—4178)
Placebo slope: mean = SE (CI) —10 £7(-24,4) —10+=4(—17,-3) —8=*8(—24,8) —8*+5(—18,2)
Slope difference: mean = SE (Cl) —2 = 8(—18, I5) 12 = 4 (3,20)* =3 £ 10(-2I,16) 16 = 6 (—2,22)
Type | error/power 0.02 0.82 0.02 0.37
Alternative design (Scheme | — 1:2 Matching)
Sirolimus slope: mean * SE (Cl) =11 £6(-23,07) 2=*4(-510) —12 £6(-24,1) 2*+5(-811)
Placebo slope: mean * SE (Cl) —13 £7(—26,04 —12*4(-20,-3) —-8=x7(—226) -7 *6(—183)
Slope difference: mean = SE(CI) | £ 9 (—16, 19) 14 = 6 (3, 25)* -3 £9(-22,15) 9 = 7(-5,23)
Type | error/power 0.02 0.80 0.02 0.17
Alternative design (Scheme 2 — |:I Matching)
Sirolimus slope: mean = SE (CI) —12+4(-20,-3) 2=*2(-3,6) =11 £ 4(—14, —-8) 2*+3(-3,7)
Placebo slope: mean * SE (Cl) —12 £6(—24,01) —12*x3(—18 -5 —9*7(-223) -9 *£4(—17,-1)
Slope difference: mean = SE (Cl) 0.4 = 7 (—14, 15) 13 = 4(6,21)* -2 *x8(—17,13) Il +5(2,20)*
Type | error/power 0.02 0.98 0.01 0.68
Alternative design (Scheme 2 — |:2 Matching)
Sirolimus slope: mean * SE (Cl) —12x4(-21,-4 1 x3(-47 =11 £5(-20, -2) I +3(-47)
Placebo slope: mean *+ SE (CI) —12=5(=21,-3) -1l £3(—17,-5) —-8=x5(—18,2) =1l £3(—17,-5)
Slope difference: mean = SE (Cl) —0.1 = 6 (—13,12) 12 = 4 (4,20)* =3 x7(—17,10) 12 = 4 (5, 20)*
Type | error/power 0.02 0.97 0.03 0.97

SE: standard error; Cl: confidence interval.
*
Significant slope difference between treatment arms.

averaging®™* and ensemble learning methods®® can be
used to estimate propensity scores in a data-driven
manner and may be useful in the context of dynamic
borrowing.

Although intuitively appealing, replacing concurrent
controls in an interventional clinical trial with historical
controls warrants careful scrutiny of the rigor and
quality of data collection in the studies that are the
source of historical controls. For example, in natural
history studies, efficacy assessments may provide esti-
mates as accurate as in a trial, but the information col-
lected on adverse effects may not be as thorough or as
frequent. Incorporation of meticulous safety data col-
lection methods into natural history studies would
facilitate incorporating historical controls in the designs
evaluated in this article. Care needs to be taken to
maintain blinding of treatment assignment when a
large proportion of subjects in the study get assigned to
the interventional arm.

The above-mentioned problems could be partly alle-
viated by limiting the number of concurrent controls to
be replaced or by adaptively allocating more patients
to the interventional arm. Alternatively, one could give
different weights to the concurrent and historical con-
trols when analyzing the data. A two-stage design®® has
been recommended in which a pre-determined number
of current controls are enrolled to provide a more

accurate measure of similarity with the historical con-
trols; next, the effective sample size estimated as the
number of comparable historical controls from propen-
sity score matching can be used to adaptively update
the allocation ratio, assigning more patients to the new
treatment arm.' The effective sample size quantifies
the number historical controls comparable to concur-
rent controls; thus, the total number of controls needed
to obtain a pre-determined allocation ratio can be
adjusted using effective sample size at interim time
points.

It took the MILES trial 7 years to be completed at a
cost of over $5M. Historical control borrowing meth-
ods appear to be a potentially useful strategy for mak-
ing clinical trials more efficient and affordable, and
highlight the importance to establish and maintain
high-quality natural history registries. Finally, we note
that our methods are highly relevant to the design of
clinical trials in rare diseases. The Rare Disease Clinical
Research Network (www.rdcrn.org), funded by the
National Institutes of Health, comprises over 20 cur-
rent or past research consortia that conduct long-term
natural history studies of multiple rare diseases and are
encouraged to bring new treatments to trial. It provides
a logical context for conducting small size clinical trials
augmented with historical controls borrowed from the
natural history studies.
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