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Abstract
Background

External control arms (ECAs) are increasingly used to support single-arm oncology trials, but concerns
remain about bias from measured and unmeasured confounding. We evaluated whether an ECA built
from patient-level data from phase 3 historical clinical trials (HCTs) could reproduce the overall survival
(0S) treatment effect observed in a randomized controlled trial (RCT) in relapsed/refractory multiple
myeloma (RRMM).

Methods

Using de-identified patient-level data from dexamethasone control arms in historical RCTs and from a
target RCT, we harmonized baseline covariates and applied propensity-score full optimal matching to
create an ECA. Primary outcome was OS; time-to-event analyses included Cox proportional hazards
models and Kaplan-Meier survival analyses with log-rank tests. We also performed sensitivity analyses
(including tipping point analyses and E-value calculation) under a hypothetical context assuming the true
effect was unknown, in order to evaluate the extent to which unmeasured confounder(s) would need to
exert influence to change the analytical conclusion.

Results

After optimal full matching, the effective analytic sample comprised 290 patients in each cohort; 99% of
the target RCT investigational arm patients were retained. Matching substantially improved covariate
balance (propensity-score standardized mean difference decreased from 0.827 to 0.171) and all
available baseline covariates had absolute standardized mean differences (SMD) =< 0.20 after matching.
The target RCT comparison (investigational arm vs its randomized dexamethasone control from the
same target RCT) showed improved OS for the investigational therapy (HR 0.74; 95% CI 0.60-0.92;
log-rank p = 0.006). The externally controlled comparison (matched target RCT investigational arm vs
matched ECA derived from other trials) produced a similar treatment estimate: HR 0.76 (95% Cl 0.63—
0.917; log-rank p = 0.0158). Sensitivity analyses indicated that only a moderately strong and imbalanced
unmeasured confounder could overturn statistical significance.

Conclusions

An ECA constructed from harmonized historical trial data, analyzed with propensity-score-based full
matching algorithm, produced an OS estimate closely matching the RCT findings. These findings support
the potential utility of well-constructed ECAs to support oncology trials when high-quality patient-level
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data are available from relevant prior trials, while underscoring the importance of rigorous confounding
assessment.

INTRODUCTION

In drug development, randomized controlled trials (RCTs) have been considered the gold standard status
in evaluating the safety and efficacy of medical treatments.’ However, when single-arm trials are
employed in oncology—often because deploying a concurrent control arm poses ethical, scientific, or
feasibility challenges—use of non-randomized external control cohorts has become increasingly
acceptable and common.?~® While single-arm trials can yield meaningful safety and efficacy signals and
may support regulatory decision making in certain clinical contexts, well-conducted external controls
may provide additional context and supplementary evidence.”® Expanding the use of external controls
could reduce patient burden and could also address situations where concurrent randomized control
may be difficult to interpret, such as confirmatory trials of medical products made available through the
accelerated approval pathway where the control arm may be compromised by early discontinuation or
treatment crossover to the investigational therapy.®

Study designs that deviate from the traditional RCT, such as single arm or externally controlled trials, are
considered in guidance for regulatory approval when their use is appropriately justified.’?" "3 These
designs may be warranted in settings where randomization is difficult or infeasible due to the rarity of
the disease, limited patient availability, concerns about treatment switching/crossover, or ethical
considerations related to withholding an investigational therapy. As described in regulation, external
controls have generally been permitted in “special circumstances;” for example, “diseases with high and
predictable mortality” and when, “effect of the drug is self-evident.”'%’

In addition to clinical, ethical, and regulatory considerations, the relatively restricted use is due, in part, to
the perceived inability of external controls to be, “well assessed with respect to pertinent variables as
can concurrent control populations,” as stated in FDA guidance and regulation. For example, as indicated
in a recent landscape review,'* while use of external controls is increasing, particularly in oncology
submissions, some external control applications were deemed insufficient due to several limitations
including unmeasured confounding and missing data issues inherent within real-world sources such as
electronic medical/health records (EMR/EHRS). This underscores the need for additional methodological
efforts and empirical demonstration projects that evaluate conditions under which external controls can
provide reliable and interpretable comparative evidence including systematic assessments of data
source characteristics, eligibility alignment, analytic adjustments, and sensitivity to unmeasured
confounding.

We assessed the feasibility and reproducibility of constructing an external control arm using patient-level
data from prior/historical clinical trials, which is a data source that can differ meaningfully from real-
world data sources. Using historical trials to establish external controls may be advantageous due to
standardized data collection in trial settings. Specifically, we developed an external control arm from
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historical multiple myeloma clinical trials to mimic the control arm of a target RCT in this disease setting.
The main objective was to assess whether the comparative treatment effect observed in the target RCT
can be reproduced by comparing the investigational arm of the target RCT with an external control arm
constructed from patient-level prior trial data by applying similar inclusion and exclusion criteria. In
addition, we also performed sensitivity analyses (including tipping point analyses and E-value
calculation) under a hypothetical context assuming the true effect was unknown, in order to evaluate the

strength of a potential unmeasured confounder necessary to alter the observed treatment effect.’>"18

METHODS
Data source

The study is based on analysis of patient level data from multiple historical randomized clinical trials in
relapsed refractory multiple myeloma, accessible through Medidata’s data insights sharing program.
This platform includes more than 30,000 clinical trials, conducted by the pharmaceutical industry for
drug or medical product development, with patient-level data recorded by electronic data capture, and
are available through the Medidata Enterprise Data Store (MEDS).'® MEDS is a collection of thousands of
previous clinical trials with patient level data recorded through the Medidata electronic data capture
system. Per the legal agreements with the sponsors of these historical clinical trials and Medidata, these
data are available for use in deidentified (i.e., patients and original sponsor of the trial cannot be
identified) and aggregated (i.e., every analysis must include data from two or more sponsors) form.

Characteristics of the included historical trials in multiple myeloma

The historical clinical trials included in this study were open-label phase 3 multinational randomized
clinical trials that were conducted between 2010 and 2017 and included overall survival as an endpoint
and dexamethasone as a control regimen. In terms of patient characteristics, at study inclusion
(baseline), all patients in these trials were age > 18 years, had relapsed or refractory multiple myeloma,
received at least 2 prior lines of treatment, and received prior treatment with lenalidomide and
bortezomib. The selection criteria were defined based on clinical importance, balancing the need to
identify a homogenous set of historical clinical trial participants representative of a typical single
indication in drug development of relapsed and refractory multiple myeloma while maximizing the
volume of applicable historical data. There were a total of 946 patients (across trials) that were available
after the selection process.

Construction process of the external control arm corresponding to a
target trial

One of the largest RCT in the pool of eligible trials was selected as the ‘target trial’, and external control
arm (ECA) patients were then selected based on eligibility requirements for the target trial. The ‘target’
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randomized trial had a 2:1 treatment assignment ratio and included 294 patients assigned to an
investigational treatment and 149 patients assigned to dexamethasone as control. Patients for the ECA
were selected from the remaining patients assigned to dexamethasone control in all other studies
available within this project. Patients assigned to investigational therapies in trials except the target trial
were not utilized in this study.

We used a two-step approach to (1) construct the ECA and (2) compare ECA and target trial patients
with respect to overall survival endpoints. Overall survival was the endpoint of interest in this study and
was measured as a key outcome in all historical trials that had similar study designs, such as the
disease population and follow-up time. To construct the ECA, we standardized and appended patient-
level historic clinical trial data to the target trial data and modeled treatment group membership as a
function of prognostically important baseline demographic and disease variables.

Clinically important baseline covariates available across historical
trials

Because the historical data in this study came from trials that had been conducted as part of clinical
development programs, patient populations, study design, data collection methods, and endpoints were
overall consistent across trials. Nevertheless, differences across studies in some variable definitions
were present but have been reconciled as part of the data standardization process. Clinically important
baseline covariates available across studies used in the creation of the ECA were as follows: age
(continuous), sex (female vs. male), race (White vs. Others/unknown), region (Europe vs.
Others/unknown), The Eastern Cooperative Oncology Group (ECOG) performance score (0 vs 1 vs 2 or
3), number of drug classes refractory (= 4 vs. <4), cytogenetic risk (high vs. standard/unknown), prior
stem cell transplant (yes vs. no/unknown), days since last progression / relapse to first study dose
(continuous), presence of bone lesions (yes vs. no/unknown), best response to last therapy (z partial
response vs. <partial response), number of prior lines of therapy (continuous), years since diagnosis
(continuous), and weight/body mass index (continuous).

Statistical and analytical methods

We used propensity scores to match ECA patients [derived from patients assigned dexamethasone
control in all studies (except the target trial)] to patients assigned to the investigational treatment in the
target clinical trial. Only baseline characteristics were utilized without knowledge of any post-
randomization data to avoid selection bias and the index date for overall survival was consistently

defined as the randomization date across all trials to avoid immortal time biases.2%2!

A commonly used approach to propensity score matching, greedy 1-1 matching, was not possible for
this case study due to the limited number of historical control patients available. Instead, we utilized a
matching method called optimal full matching (often referred as full matching) which was introduced by
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Rosenbaum and recommended recently by others.??~24 In brief, full matching subdivides the subjects
into strata of different sizes, consisting of either one target RCT investigational arm patient and at least
one ECA patient, or, conversely, one ECA patient and at least one target RCT investigational arm patient.
An attractive feature of this approach is that it can use most or even the entire set of all investigational
treatment patients from the target trial in the analysis—in contrast with conventional matching
approaches such as greedy matching where a portion of treated subjects cannot be matched and
therefore are excluded from the final analysis. In summary, full matching aims to minimize the average
differences within matched set in the propensity score between comparison cohorts, while avoiding
potential bias due to incomplete matching, which can occur when some treated subjects are excluded
from the matched sample. SAS PROC PSMATCH (SAS/STAT® 15.1) was used for matching, and the
maximal number of ECA patients to be matched with each target trial patient and the maximal number
of target trial patients matched to each ECA control were determined based on the ratio of number of
subjects between the target RCT investigational arm patients and ECA patients?* as well as the
performance in terms of balancing baseline characteristics.

Post-matching covariate balance between matched cohorts was examined. Accordingly, baseline
demographic and disease characteristics were summarized with descriptive statistics for the target RCT
investigational arm and ECA patients. Standardized differences in covariate means before matching and
after matching were computed and compared.?® Absolute standardized difference of less than 0.20 has
been taken to indicate a negligible difference in the mean or prevalence of a covariate between
treatment groups. In addition, the matching process was evaluated by examining the distribution of
propensity scores as well as individual baseline characteristics. Overall survival was compared between
the comparison groups and assessed using a weighted Kaplan Meier curve, weighted log-rank test, and
weighted Cox proportional hazard regression model for hazard ratio and corresponding 95% confidence
interval.

Finally, under a hypothetical context assuming the true effect was unknown, we also conducted
sensitivity analyses, including tipping point analysis and E-value calculation, in order to evaluate the
extent to which an unmeasured confounder would need to exert influence to change the analytical
conclusion. Utilizing methods proposed by Lin and colleagues,'® we implemented the ‘tipping point
analysis’ methodology. In brief, tipping point analysis is a special type of sensitivity analyses designed to
assess how strong the association of an unobserved confounder with the treatment assignment and the
outcome would have to be to change the study inference. We adjusted the observed treatment effect
(HR and 95% confidence intervals) for overall survival to reflect the impact of a theoretical unobserved

8 we also conducted a

confounder. Additionally, as described by VanderWeele and colleagues,
quantitative bias analysis and calculated E-value. In brief, E-value is defined as the minimum strength of
association that a hypothetical unmeasured confounder would need to have with both the treatment and
the outcome to fully explain away a specific treatment—outcome association, conditional on the
measured covariates. The calculation of the E-value for HR is based on the rarity of the outcome

(common = 15% or rare < 15%) and the observed hazard ratio. In our case, the outcome was common
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where the observed overall death rate was 82%, therefore, the E-value for the estimated HR is calculated
using the following formula:

RESULTS
Distribution of propensity scores

Before matching, the target RCT investigational arm included 294 patients and the control patients from
historical trials included 201 patients; after optimal full propensity-score matching, the comparative
analysis set comprised 290 target RCT investigational arm patients and weighted sample size of 290
ECA patients (Table 1). The Cloud Plot (Supplementary Fig. 1) shows the distribution of propensity
scores for the target RCT investigational arm and all available control patients from other historical
RCTs. Overlap in the distribution of propensity scores for the target RCT investigational arm and the
controls from other historical RCTs was nearly complete. There were few patients for whom a match
was not available; these are generally in the tails of the distributions where there were no analogous
patients available in the opposite group. Near all (N =290, 99%) in the target RCT investigational arm
were successfully matched. The remaining 4 patients (1%) were not matched and were removed from
further analysis.

Patient demographic and disease characteristics before and after
optimal full propensity-score matching

Table 1 summarizes baseline demographics and disease characteristics for patients in the target RCT
investigational compared with patients in control arms of historical RCTs, before and after optimal full
propensity-score matching. Matching substantially improved covariate balance: the standardized mean
difference for the propensity score decreased from 0.83 before matching to 0.17 after matching, and
standardized mean differences for most key baseline variables (age, sex, race, ECOG performance
status, number of drug classes refractory, cytogenetic risk, prior stem cell transplant, days since last
progression/relapse, bone lesions, best response to last therapy, number of prior lines, years since
diagnosis, and body weight) were reduced to < 0.20 or brought close to zero (Table 1, Supplementary
Fig. 2).

After matching, the two groups were highly comparable. Mean age was 63.5 (SD 9.40) years in the
matched investigational arm and 64.3 (SD 9.58) years in the external control arm; approximately 60% of
patients in both cohorts were male. The majority of patients were White (81.0% vs 83.1%) and were
recruited from Europe (80.0% vs 77.2%). Baseline ECOG performance status distributions were similar
(ECOG 0: 36.2% vs 31.4%; ECOG 1: 46.2% vs 49.7%; ECOG 2-3: 17.6% vs 19.0%), as were measures of
disease burden and prior therapy: roughly 70% had bone lesions, approximately 72%-69% were
refractory to = 4 drug classes, most patients had standard/unknown cytogenetic risk (90.0% vs 86.6%),
about 61% had a prior stem cell transplant, and approximately 78% had received = 4 prior lines of therapy.
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Median time from last progressive disease/relapse to first study dose was 44 days in both groups, and

years since diagnosis and body weight were also similar (Table 1). These post-matching characteristics
indicate that the matched investigational and external control groups are well balanced for subsequent
comparative analyses.

Comparison of treatment effects across patient cohorts

In this methodology project, we aimed to examine whether the treatment effect based on an external
control arm (i.e., matched target RCT investigational arm vs. ECA derived from control arm patients from
other historical RCTs) can mimic the treatment effect from the target RCT. Figure 1 provides Kaplan-
Meier curves of overall survival estimates in these four groups (i.e., target RCT investigational arm, target
RCT control arm, matched investigational arm, matched ECA). There were few patients from the target
RCT investigational arm that were not matched, and thus, Kaplan-Meier curves were presented
separately for the target RCT investigational arm and for the matched target RCT investigational arm.

The target RCT demonstrated a positive treatment effect on overall survival, as evidenced by a
separation of the Kaplan Meier curves representing the investigational and randomized control arms of
the target RCT. In the target RCT, the HR for the investigational arm versus the randomized control is 0.74
with confidence interval that excludes 1 (95% CI: (0.60, 0.92)). This difference between groups is also
supported by the log-rank test (p = 0.006).

The treatment effect utilizing ECA is very similar. The Kaplan Meier curve for the ECA visually overlaps
and crosses with that of the target RCT control arm and the quantified differences between ECA and the
matched target RCT investigational arm were very similar to the original RCT. The hazard ratio for the
matched investigational arm versus the ECA is 0.76 with confidence interval that excludes 1 (95% CI:
(0.63, 0.91). This difference between groups is also supported by the log-rank test (p = 0.0158).

Sensitivity Analyses for Potential Unmeasured
Confounding

Tipping point analysis

As discussed in the methods section, using Lin's method,'® the observed treatment effect can be
adjusted for a hypothetical unmeasured confounder when its prevalence in each arm and its effect on
outcome are specified. For example, if the unmeasured confounder is present in 10% of the
investigational arm and 30% of the ECA, with a confounder effect for overall survival HR of 1.5, the
adjusted treatment effect is HR = 0.83 (95% CI 0.69-0.99), which remains statistically significant and
consistent with the unadjusted result. If the unmeasured confounder prevalence (in the ECA) is instead
35% (all else equal), the adjusted treatment effect HR becomes 0.85 (95% Cl 0.71-1.02), losing
statistical significance— a “statistical tipping point.” A separate “clinical tipping point” occurs where the
unmeasured confounder prevalence in ECA is 80% (all else equal), the adjusted treatment effect HR
exceeds 1 and the direction of effect reverses.
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To explore the full range of plausible scenarios, we calculated adjusted treatment effect HRs (and 95%
Cls) across a grid of confounder prevalences (0—0.80 in 0.05 steps) (Table 2 and Supplemental Table 1).
Table 2 presents results when moderate confounder effect is assumed (HR = 1.5), and Supplemental
Table 1 presents results when a stronger confounder effect is assumed (HR = 2.0); each cell displays the
adjusted treatment effect (HR and 95% CI) under those assumptions.

Quantitative bias analysis

In a quantitative bias analysis, we calculated the E-value using the formula for a common outcome; and
based on the observed hazard ratio. The proportion of death was 81.76% in the overall population, with
84.46% in the investigational cohort vs. 79.05% in the ECA. The observed HR when comparing
investigational arm matched to ECA was 0.76 (95% Cl, 0.63, 0.91). Therefore, the point estimate for E-
value was calculated as 1.71 as illustrated in the supplementary Fig. 3. This means an unmeasured
confounder would need to be associated with a 1.71-fold increased risk for both exposure and outcome
to nullify the observed 0.76 hazard ratio.

DISCUSSION

In this methodological case study, we evaluated whether an external control arm constructed from
patient-level data from prior randomized trials could reproduce the treatment effect observed in a
contemporaneous randomized control arm in relapsed/refractory multiple myeloma (RRMM). After
harmonizing trial data, applying the target trial eligibility criteria, and implementing optimal full matching
on propensity score, the matched investigational cohort and the external control arm were highly
comparable across available baseline covariates. Importantly, the estimated treatment effect using the
external control (HR 0.76; 95% Cl 0.63-0.91) closely aligned with the randomized comparison in the
target trial (HR 0.74; 95% Cl 0.60—-0.92). In addition, under a hypothetical assumption if the true effect
was not known, our sensitivity analyses (tipping-point analysis and E-value) indicated that only a
moderately strong and imbalanced unmeasured confounder could overturn statistical significance..

Our findings demonstrate that, under favorable conditions and depending on clinical and regulatory
context, historical trial data can be leveraged to produce an external control that yields treatment effect
estimates consistent with those from a randomized controlled comparison. Several factors likely
contributed to the successful replication in this project. First, the historical trials used to build the
external control were similar in population, design, covariate and outcome ascertainment, and follow-up
to the target trial; these similarities reduced the risk of systematic differences in measurement and
patient follow-up. Second, because the source data were patient-level clinical trial records collected
through standardized electronic data capture, key prognostic baseline covariates were consistently
available and of high quality. Third, the analytic approach—optimal full matching—maximized use of
available treated subjects while achieving good covariate balance, thereby reducing bias that can arise
when treated patients are excluded by more restrictive matching algorithms especially in low sample
size situations.
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Our work builds on existing methodological demonstrations,?~3" but further empirical and systematic
evaluations are also needed across different disease areas, endpoints (including intermediate endpoints,
e.g., progression-free survival, response rate), data sources (clinical trials, registries, and EHRs across
regions), and study designs (retrospective and prospective) to elucidate strengths and limitations of
different approaches and lessons they yield under varied clinical and regulatory circumstances.
Collaborative, multidisciplinary, cross-sector efforts with regulators to establish standards for acceptable
external control construction, pre-specification, and sensitivity analyses would support appropriate use
of these methods in regulatory and clinical decision making. Encouragingly, several initiatives are already
advancing this work. Project SignifiCanT (Statistics in Cancer Trials) at the FDA Oncology Center of
Excellence fosters stakeholder collaboration to improve the design and analysis of innovative cancer
trial designs,32 including those with hybrid control arms.32 Similarly, Friends of Cancer Research is
piloting an external-control project that uses multiple data sources to replicate a randomized clinical trial

and convened a public meeting to explore ways to expand the use of external control arms in oncology

development.3*

Strengths and Limitations

Using de-identified patient-level data from multiple phase 3 trials allowed detailed harmonization of
covariates and consistent application of the target trial’s eligibility criteria. The use of optimal full
matching preserved nearly all treated patients from the target trial. We assessed balance
comprehensively with standardized differences and propensity-score distributions and applied
transparent, pre-specified methods for outcome comparison. The validity of externally controlled
comparisons hinges on the assumption that all important confounders are measured, or that any
unmeasured confounding is weak or balanced. When generating evidence based on external control
arms, it is critical to conduct sensitivity analyses. Therefore, to demonstrate the importance of
conducting sensitivity analyses, under a hypothetical context assuming the true effect was unknown, we
implemented sensitivity analyses (tipping-point and E-value) to quantify the robustness of the results to
unmeasured confounding, rather than rely solely on covariate balance metrics. While sensitivity analyses
can help quantify how strong a potential hypothetical unmeasured confounder would need to be to
change statistical inference, it is also important to note that those analyses cannot identify whether such
a confounder actually exists. Although tipping-point analysis is often defined to exploring missing-data
effects,!” the availability of investigational-arm data (from the target RCT) in our project dataset
permitted estimation of hazard ratios across different unmeasured-confounding assumptions — a
capability not feasible in prior work where randomized-control-based comparative results were
unavailable.?®

In RRMM, unmeasured factors such as subtle differences in prior therapies, frailty measures, supportive
care, or temporal changes in practice patterns could influence survival and remain incompletely captured
even within trial datasets. Although historical clinical trials offer advantages over many real-world data
sources (e.g., standardized measurements, curated endpoints), they have their own selection biases.
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Trials typically enroll patients who meet strict inclusion/exclusion criteria and may differ from routine
clinical populations in ways that affect outcomes.3®> However, because our external control was
constructed from trials similar to the target trial and we applied the same inclusion criteria, this
source-selection bias was minimized in the matched comparison; nevertheless, residual differences in
unrecorded eligibility nuances or site-level practices across sponsoring trials could remain. While the
historical trials used here spanned a relatively narrow calendar period (2010-2017) and had common
control regimens (dexamethasone), secular trends in supportive care, subsequent lines of therapy, or
diagnostic approaches could introduce bias if the treatments or follow-up differed meaningfully between

trials.” Our design reduced, but perhaps could not eliminate, the influence of such temporal or potential
center-specific effects. Even with optimal full matching, matching is limited by the available pool of
external controls. For example, although overlap in propensity scores was nearly complete in this project,
applications to rarer subgroups or situations with fewer historical controls may not achieve similar
balance or coverage of treated patients. Finally, the analysis focused on overall survival, a ‘hard’ endpoint
uniformly collected across trials; externally controlled comparisons of more ‘subjective’ endpoints (e.g.,
progression-free survival, patient-reported outcomes) may be more vulnerable to ascertainment
differences and measurement bias across studies.

Conclusions

In this RRMM case study, an external control arm constructed from harmonized historical randomized
trial data and analyzed with optimal full matching produced an estimate of treatment effect on overall
survival that closely matched the randomized control comparison. When historical trial sources are well
aligned with the target trial and when rich, high-quality patient-level covariates are available, externally
controlled analyses can provide credible comparative effectiveness evidence. Nevertheless, these
analyses remain susceptible to unmeasured confounding and other biases; therefore, transparency,
careful design, rigorous confounding assessment, and close consideration of the data generation
context are essential before relying on external controls for regulatory or clinical decision making.
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Figure 1

Kaplan-Meier Curve of Overall Survival (0OS) in Comparison Groups

Legend—The following groups were compared: Experimental arm from the target RCT; Control arm from
the target RCT; Post-matching experimental arm from the target RCT; and Post-matching ECA derived
from historical RCTs

Abbreviations, HCT = historical clinical trials; RCT = randomized controlled trial; ECA = external control
arm
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