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Introduction

Approval of pharmaceutical products has almost
always relied on positive evidence from well-designed
and well-conducted phase III randomized trials. More
recently, massive real-world data from routine health
care delivery are becoming increasingly available. They
include electronic medical records, claim and billing
databases, population-based disease and product regis-
tries, data collected from wearable devices and smart-
phone applications, and many others. The 21st Century
Cures Act (2015) encourages using real-world data and
real-world evidence in drug evaluation and approval
to address the questions of the therapeutic and safety
of new treatments faster and less costly. The enaction
of the Cures Act, however, flared heated debates. Pro-
ponents of the Cures Act argued that “Patients cannot
wait,” and using real-world data would speed up the
process of drug development. On the other hand, real-
world data were not collected for research purposes and
thus may be subject to various biases due to confound-
ing (Yang and Zhang, 2022), omitted variables (Yang
and Ding, 2020), missing values (Yang, Wang, and
Ding, 2019), irregular data patterns (Yang, 2021), and
so on. As a result, opponents argued that the Cures Act
would greenlight ineffective drugs entering the market,
endangering patients.

With the advances in information technologies, par-
allel data of randomized trials and observational stud-
ies on the same treatment exist. Therefore, there is a
great interest and need to integrate the data on the same
treatment observed from these multiple data sources
with complementary features, reconciling the intense
debates regarding the Cures Act. On the one hand, ran-
domized clinical trials (RCTs) offer the highest level
of evidence of treatment safety and efficacy as ran-
domization eliminates both measured and unmeasured
confounders. However, patients enrolled in randomized
trials are conveniently ascertained and represent a more
restrictive patient group of the target real-world patient

BIOPHARMACEUTICAL REPORT

RETURNTO THE TABLE OF CONTENTS

population to which the new treatment will be given.
Therefore, the treatment effects estimated by standard
methods lack external validity for the target population.
On the other hand, real-world or observational studies
often contain a much larger number of patients of the
same disease and represent either a random sample of
the target population. However, due to lack of treatment
randomization, there are always concerns over mea-
sured and unmeasured confounders. Given the comple-
mentarity of RCTs and observational studies, integrated
analysis approaches are called for to efficiently exploit
the relative strengths of the data from both RCTs and
observational studies and carefully address their poten-
tial drawbacks (Colnet et al., 2022).

In this article, we first discuss the common ques-
tions that investigators often have when planning an
integrated analysis with parallel data from RCTs and
observational studies. We then review several recent
methods that exploit the complementary features of
RCTs and observational studies. These methods allow
us to answer these questions by providing robust and
efficient estimates of the average treatment effect (ATE)
with external validity, offering a pretesting approach
for elastic poolability of RCT and observational studies
for better efficiency in estimating the heterogeneity of
treatment effect over a set of treatment modifiers, and
learning targeted, optimal, and interpretable individual-
ized treatment regimes.

Questions that can be answered by
integrated analysis

The motivation of our research can be illustrated by
a project that evaluates the effect of adjuvant chemo-
therapy in stage 1B resected non-small cell lung cancer
(NSCLC). Stage 1B NSCLC is the T2NOMO tumor that
is greater than 3cm and has not spread to the lymph
nodes and/or other parts of the body. CALGB 9633 is
the only phase 11l randomized trial conducted to evalu-
ate the effect of adjuvant chemotherapy in this patient
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Table |: Covariate and outcome means comparison of the CALGB 9633 trial sample and the NCDB sample.

Gender (X1) Age (X2) Histology(X3) Tumor size(X4) Alive at 3 years (Y)
CALGB 9633 0.64 60.83 0.40 4.60 0.25
NCDB 0.55 67.87 0.39 4.94 0.33

population (Strauss et al., 2008). Approximately 344
patients were randomized to adjuvant chemotherapy
versus observation with equal allocation. In the final
analysis, the median follow-up was 74 months, and
155 deaths were observed. The primary endpoint over-
all survival was not significantly different (HR 0.83,
90%CI 0.64-1.08, p=0.125). Supplementary analysis
demonstrated a significant survival difference in favor
of adjuvant chemotherapy for patients with tumors >4
cm (HR 0.69, 90%CI 0.48-0.99, p=0.043). The trial
had been criticized for being underpowered for trial
design(Katz and Sadd, 2009). The small trial size also
forbids a meaningful evaluation about how risk factors,
e.g., tumor size and age, modify treatment effect. While
the current guideline for treating stage 1B NSCLC
is mainly based on its findings, there is a persistent
scientific interest to know if the benefit of adjuvant
chemotherapy is generalizable to the general popula-
tion of stage 1B NSCLC patients. The concern over
a lack of external validity arises from the observation
that, much like other randomized trials, the patients
recruited to CALGB 9633 were under-represented in
both female and the elderly (70 years or older) and in
patients with larger tumors. These are strong prognostic
factors for survival, when compared to the general tar-
get patient population in North America. This is nicely
illustrated by the distribution of the demographic and
clinical characteristics of stage 1B patients from the
National Cancer Database (NCDB, Morgenstern et
al., 2016). The NCDB is a clinical oncology database
sourced from hospital registry data, and it contains
more than 70% of newly diagnosed cancer patients in
North America. Of the 15379 patients from the NCDB
reported between 2004-2016, 4324 and 11055 stage 1B
NSCLC patients received adjuvant chemotherapy and
observation care, respectively. Besides the sheer size
difference between the two data sources, the baseline
covariates of the CALGB patients differ from those of
the NCDB patients, as seen in Table 1. The CALG 9633
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sample has disproportionately high percentages of male
and younger patients with smaller tumor sizes.

Given that the RCT sample represents a healthier
sample than the NCDB sample, the estimates based
on CALGB 9633 sample would be biased for the true
effect of adjuvant chemotherapy on the target popula-
tion of stage 1B NSCLC patients. One important clini-
cal question is whether adjuvant chemotherapy benefits
the general stage IB NSCLC population. For clinicians,
a reasonable representation for the general stage IB
NSCLC population can be the NCDB patients who meet
the same eligibility criteria of CALGB 9633. Besides
lack of generalizability, RCTs often face another limita-
tion: the sample size is too small to provide sufficient
power to assess the heterogeneity of treatment effects.
An accurate estimation of conditional average treatment
effect varying over one or more treatment modifiers,
e.g., tumor size and age in our motivation example,
will allow clinicians to individualize treatment accord-
ing to the patient’s characteristics. On the other hand,
the observational NCDB study collection mechanism
provides a large and diverse sample typically represen-
tative of the target real-world population. In summary,
below are three questions that statisticians often want
to answer through an integrated analysis of RCTs and
observational studies.

* Generalizability: Whether the findings of an
RCT can be generalized to a target population
represented by one or more observational studies
or a population-based registry.

» Heterogeneity of treatment effect and
poolability: Can the observational studies data
be used to improve estimation efficiency of treat-
ment effect heterogeneity, which is defined as
conditional average treatment effect as a function
of a treatment effect modifier, e.g., tumor size?
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 Heterogeneity of treatment effect and con-
founding function: Whether the data from the
BIASED observational studies can be used to
improve the assessment of treatment heterogeneity?

« Targeted, optimal individualized treatment
regimens: How to assign treatment based on a
patient’s characteristics to maximize the average
benefit over a real-world patient population?

While the new approach for integrating data from
large observational studies to estimate treatment effects
is very appealing, unfortunately it is also confounded
due to lack of treatment randomization. Methods that
effectively integrate RCT and observational studies are
needed but are largely under-developed. Our research
group has received an National Institute of Aging RO1
grant (NIA 1RO1IAG066883) to develop new statistical
methods in this area. These methods utilize comple-
mentary features of RCTs and large population-based
observational studies to leverage the advantages of
both data sources to develop accurate and robust treat-
ment effect evaluations for a target patient population
routinely seen in large population-based observational
studies or an underrepresented population (e.g., elderly
patients or minority groups). Our framework channels
an integrative analysis toolkit to empower clinical trial
analysis by harnessing large real-world data and pro-
viding more generalizable (Lee et al., 2021; Lee et al.,
2022, Wu and Yang, 2022a, Chu et al., 2022), efficient
(Yang, Kim, and Song, 2020; Yang and Ding, 2020),
and robust (Yang, Zeng, and Wang, 2020a; Yang, Zeng,
and Wang, 2020b; Wu and Yang, 2022) inference of
treatment effects for a target patient population. The
rest of the article summarizes some progress we made
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in developing these new methods. We will present more
details on methods for generalizability but summaries
for other methods.

Generalizability

Data structure

Let X be the p-dimensional vector of covariates, A
be the treatment assignment with two levels {0,1}, and
Y be the outcome of interest. We adopt the potential
outcomes framework to formulate the generalizability
problem. Following the Stable Unit Treatment Value
Assumption (SUTVA) (see, Imbens and Rubin, 2015),
we assume that each subject in the target population
has a potential outcome Y(a),a €{0,1}, representing
the outcome had the subject been given the treatment
a. The conditional average treatment effect (CATE) is
defined as t (X)=E{Y(1) — Y(0) | X}. We are interested
in estimating the population ATE t,= E{t (X)}, where
the expectation is taken with respect to the distribu-
tion of the target population. Let 6 = 1 denote RCT
participation, and let 6 = 1 denote the observational
study participation. Also, define the sampling score as
m 5 (X)=pr (6=1 | X), the design weight for the obser-
vational sample as d=1/P (0=1 | X), and the conditional
outcome mean function as uas (X)=E(Y |X,A=a,0) for
a,0 €{0,1}. As seen in Figure 1, to generalize find-
ings to the future patient population, one may con-
sider a super-population framework that describes the
distribution of all patients with a certain disease to
whom the new treatment is intended to be given. The
RCT is a sample from the target population with an
unknown sampling mechanism, and the observational
sample is a sample from the target population with a
known sampling mechanism.



Methods

The problems of extending findings from RCTs to a
target population has been termed as generalizability or
transportability (e.g., Cole and Stuart, 2010; Pearl and
Bareinboim, 2011, Dahabreh et al., 2019). Most exist-
ing methods rely on direct modeling of the sampling
score n_g (X), the sampling analog of the propensity
score. The subsequent sampling score adjustments
include inverse probability of sampling weighting
(IPSW, Cole and Stuart, 2010, Dahabreh et al., 2019).
Most sampling score adjustment approaches require the
sampling score model to be correctly specified. More-
over, weighting estimators are unstable if the sampling
score is too extreme. In addition, these methods often
assume the observational study sample to be a simple
random sample from the target population and implic-
itly require either the population size or all the baseline
information of the population to be available.

In contrast to the approaches that focus on predicting
sample selection probabilities, Lee et al. (2021) pro-
posed to estimate the sampling score weights directly
by calibrating covariates balance between the RCT
sample and the design-weighted observational sample
to address the selection bias of the RCT sample. A simi-
lar method has been studied by Hainmueller (2012) for
causal inference with treatment selection bias. In par-
ticular, we estimate the calibration weights {w;:0; =1}
by solving min ) ,_jw; logw;) subject to the balancing
constraint and w; > 0 for all i, Z,”_lml—l The balancing
constraint is, ¥, 8; w;g(X;) = ¥V, 8;d;g(X)/ TN, 6 d;,
where g(X) is vector-valued functlon and often chosen
to be the moment functions of X, i.e. {X, X X°---}. The
calibration Weighting (CW) estimator is given by

. AY, (1-A)Y
= Z {T[Az }

1—my,,
where 7 4; is the known treatment assignment pro-
pensity in the RCT. Under the standard identification
assumptions in causal inference, we show that when
either of the following two assumptions holds:

@ t(X) =5 9(X), or (b) 5 (X) = P(6 = 1|X) = exp{nig(X)}

for some 1)y, the CW estimator is consistent and follows
an asymptotic normal distribution. We further proposed
an augmented CW (ACW) estimator that is doubly
robust and also achieves the semiparametric efficiency
bound when both nuisance models are correctly speci-
fied. It is known that the parametric approach is prone
to model misspecification, especially when t(X) and
g (X) are complex. To cope with model misspecifica-
tion, we adopted the method of sieves, which allows
flexible data-adaptive estimation of the nuisance func-
tions, while the ACW estimator retains the usual root-n
consistency under regularity conditions. We conducted
extensive simulation studies to evaluate the finite sam-
ple performances of the proposed estimators. It is con-
cluded that the ACW estimator is shown to be doubly
robust and more efficient than the [IPSW estimator and
the CW estimator. When both outcome and sampling
score models are misspecified, the ACW(S) estimator,
a variant of ACW estimator using the sieve method, is
still unbiased and efficient. The variance estimators can
be calculated empirically using bootstrap. The empiri-
cal coverage rates for the unbiased ACW estimators are
close to the nominal level.

Data application

We apply the proposed estimators to evaluate the effect
of adjuvant chemotherapy for stage 1B NSCLC. The
outcome is the indicator of remaining alive within three
years after the surgery. i.e., Y=1 if alive at 3 years after
surgery and Y=0 otherwise. As seen in Table 1, the
CALGB 9633 sample has a significantly higher per-
centage of male and younger (< 70 years old) patients
with smaller tumor size. It remains an important ques-
tion whether adjuvant chemotherapy benefits the general
NSCLC patient population represented by NCDB, with
a higher percentage of female and older age and larger
tumor size. Table 2 gives a summary of the proposed
methods and other methods to generalize the estimated
treatment effect to the target population represented by
the NCDB sample. ACW-t is the ACW estimator with the
nuisance functions x, (X,1) are estimated based on the

Table 2: Point estimate, standard error and 95% Wald confidence interval of the causal risk difference between
adjuvant chemotherapy and observation based on the CALGB 9633 sample and the NCDB sample.

Est.  SE.  95% WaldC.l. Est.  SE. 95% WaldCL.
Naive —0.083 0.048 (—0.177,0.011) ACW-t —0.104 0.060 (—0.221,0.013)
IPSW —0.088 0.052 (—0.190,0.014)  ACW-t(S) —0.138 0286 (—0.699,0.422)
CW  —0.106 0.065 (—0.234,0.021) ACW-b  —0.106 0.069 (—0.241,0.029)
AIPSW —0.088 0.052 (—0.191,0.014)  ACW-b(S) —0.153 0.057 (—0.265,—0.041)
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trial sample. ACW-t(S) is the sieve variant of the ACW-t
estimator using the method of sieves for sampling score
and outcome models. ACT-b is the ACW estimator with
the nuisance functions u, (X,1) is estimated based on
both RCT and observational study samples and ACW-
b(S) is its sieve variant. The results indicate that in the
RCT sample there is an 8.3% decrease in the risk of
death within 3 years for adjuvant chemotherapy over
observation. The IPSW, AIPSW (an augmented vari-
ant of IPSW), ACW-t and ACW-(S) estimators, which
utilized the covariate information of the NCDB sample,
show an 8.8-13.8% decrease in the risk of death within
3 years. However, the causal effect is not significant
according to the 95% confidence interval. By lever-
aging the predictive power of the NCDB sample, the
ACW-b(S) estimator give an estimate of 15.3% risk
decrease, which is significant at the 0.05 level.

Elastic Poolability based on Pretesting

The heterogeneity of treatment effect lies at the heart
of precision medicine. Randomized controlled trials are
gold-standard for treatment effect estimation but are
typically underpowered for heterogeneous effects. In
contrast, large observational studies have high predic-
tive power but are often confounded due to a lack of
randomization of treatment. To tackle the second ques-
tion for integrated analysis of RCTs and observational
studies, Yang et al. (2020a) proposed a test-based elastic
integrative analysis of the RCT and large observational
studies to estimate treatment effect heterogeneity with
a vector of known treatment effect modifiers. When
the observational studies data are not biased, this
approach combines the trial and observational stud-
ies data for efficient estimation. Due to the possible
incomparability of the observational study with the
RCT (e.g., unmeasured confounding, time concurrency,
and measurement errors), direct integration may lead to
biases. Utilizing the trial design, we constructed a test
to decide whether or not to use the observational study
in an integrative analysis with the RCT. Post-selection
is notoriously difficult. We characterized the asymp-
totic distribution of the test-based estimator under local
alternatives. We provided a data-adaptive procedure to
select the test threshold that promises the smallest mean
square error and an elastic confidence interval with an
excellent finite-sample coverage property.

BIOPHARMACEUTICAL REPORT

RETURNTO THE TABLE OF CONTENTS

Confounding function modeling

To address the third question, Yang et al. (2020b)
showed that the observational study, even subject to
hidden confounding, may empower trials in estimating
the heterogeneity of treatment effect using the notion
of confounding function. The confounding function
summarizes the impact of unmeasured confounders
on the difference in the potential outcomes between
the treated and untreated groups accounting for the
observed covariates, which is unidentifiable based only
on the observational study. Coupling the RCT and
observational studies, we showed that the heterogene-
ity of treatment effect and confounding function are
nonparametrically identifiable. We derived the semi-
parametric efficient scores and the rate-doubly robust
integrative estimators of the heterogeneity of treatment
effect and confounding function under parametric struc-
tural models. Furthermore, we clarified the conditions
under which the integrative estimator of the treatment
effect heterogeneity is strictly more efficient than the
RCT estimator. Building upon these concepts, Wu and
Yang (2022) further proposed an integrative R-learner
that accommodates modern, flexible machine learning
methods for the heterogeneity of treatment effect and
confounding function.

Targeted, Optimal, and Interpretable
Individualized Treatment Regimes
Personalized decision-making, aiming to derive optimal
individualized treatment rules (ITRs) based on indi-
vidual characteristics, has attracted increasing attention.
Interpretable ITRs are desirable for clinicians or policy-
makers due to their intuitive appeal and transparency.
The gold-standard approach to estimating the ITRs is
conducting an RCT, where subjects are randomized to
different treatment groups, and the bias is minimized
to the extent possible. However, RCTs are limited in
external validity because of their selection restrictions
and therefore are not representative of the target real-
world population. Conventional learning methods of
optimal interpretable ITRs for a target population based
only on RCTs are biased. To learn the generalizable
optimal interpretable ITRs, Wu and Yang (2020) pro-
posed an integrative transfer learning method based on
weighting schemes to calibrate the covariate distribu-
tion of the experiment to that of the large observational
studies. Moreover, due to privacy and confidentiality



concerns, comprehensive individual-level data is often
prohibited from sharing with researchers. In contrast,
summary statistics of patient characteristics of the target
population are often available and can be easily shared
for research purposes. Chu et al. (2022) proposed a
calibrated AIPW estimator of the value function using
summary statistics from the target population and then
searched for the optimal ITR for the target population
by maximizing the calibrated AIPW value estimator
over a pre-specified class of ITRs. The resulting ITRs
are targeted, optimal, and interpretable.

Conclusion

RCTs have been regarded as the gold standard for
treatment effect evaluation due to randomization of
treatment, which may lack external validity and are
underpowered to detect treatment effect heterogeneity
due to sampling bias and sample size limitations. Large
observational studies contain rich information on how
patients respond to treatment in real-world settings, but
standard treatment effect estimates may be confounded.
We have reviewed several new methods for robust
and efficient estimation of average treatment effects,
conditional average treatment effects, and individual-
ized treatment rules, including calibration, test-based
integrative analysis, and confounding function model-
ing. These methods exploit the complementing features
of RCTs and observational studies. The outcome can
be general, including binary, continuous, or survival
outcomes. For example, Lee et al. (2022) extended the
method of generalizability for time-to-event endpoint,
for which the average treatment effect is defined as a
function of treatment-specific survival curves, and this
estimand has the difference in survival rates at a land-
mark time and the difference or ratio of restricted mean
survival times as special cases.

Interestingly, combining probability and nonproba-
bility samples has received much attention in the survey
methodology (Yang, Kim, and Song, 2020; Yang and
Kim, 2021; Yang, Kim, Hwang 2021). Probability sam-
ples are considered the gold standard approach for finite
population inference, selected under known sampling
designs, representing the target population. However,
many practical challenges arise in collecting and ana-
lyzing probability sample data, such as data collection
costs, timely issues, and increasing non-response rates.
On the other hand, with advances in technology, non-
probability samples have become increasingly available
for research purposes, such as remote sensing data and
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web-based volunteer samples. Nonprobability samples
provide rich information about the target population
and can be potentially helpful for finite population
inference; however, they may not represent the target
population due to the unknown sampling mechanisms.
The complementarity of probability and nonprobability
samples makes combining the information gathered
from these data sources a promising avenue for finite
population inference. Given the similarity, it would be
helpful to exchange ideas between different fields to
spark new ideas.

Lastly, we would like to acknowledge the NIA RO1
grant support and our students’ and collaborators’ tre-
mendous contribution to developing these new methods.
We are excited about the new paradigm of evidence-
based medicine and look forward to its bright future.
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