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Abstract We describe a conceptual analytic framework for aligning observational
and randomized controlled trial (RCT) data. The framework allows one to (1) use ob-
servational data to estimate treatment effects comparable to their RCT counterparts,
(2) properly include early events that occur soon after treatment initiation in the anal-
ysis of observational data, (3) estimate various treatment effects that are of clinical
and scientific relevance while appropriately adjusting for time-varying confounders in
both the RCT and observational analyses, (4) assess the generalizability of RCT find-
ings in the more diverse populations generally found in the observational data, and
(5) combine both types of data to study associations that cannot be addressed by one
study or a single data set. We describe the theoretical application of this framework to
the Women’s Health Initiative data to examine the relation between postmenopausal
hormone therapy and coronary heart disease. The analytic framework can be tailored
to specific exposure-outcome associations and data sources, and may be refined as
more is learned about its strengths and limitations.
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1 Introduction

Although randomized controlled trials (RCTs) are considered the gold standard in
biomedical research, observational data remain an important, sometimes the only,
source to generate valid information on the comparative safety and effectiveness of
therapeutics [5, 9, 15, 17, 27, 44, 63, 76]. When observational studies produce re-
sults that are not consistent with RCT findings, they are often criticized for their
inability to adjust sufficiently for confounding and other biases. Although this is true
in some cases, the randomized-observational study discrepancy can arise from rea-
sons that do not necessarily invalidate observational findings, such as differences in
study populations and analytic approaches [63]. Specifically, analytic differences are
an underappreciated source of disagreement between observational and RCT results,
which often lead to “apples and oranges” comparisons as different treatment effects
are being estimated in these studies.

In this paper, we use the relation between postmenopausal estrogen-plus-progestin
therapy and coronary heart disease (CHD) as a “case study” to describe a conceptual
analytic framework for aligning observational and RCT data. We describe how the
framework may theoretically be applied to the Women’s Health Initiative data, but
note that it can be used for other exposure-outcome associations and in other data
sources. The framework allows one to (1) use observational data to estimate treat-
ment effects comparable to their RCT counterparts, (2) appropriately include early
events that occur soon after treatment initiation in the analysis of observational data,
(3) estimate an array of treatment effects of interest, (4) assess the generalizability of
RCT findings, and (5) integrate observational and RCT data to answer research ques-
tions that are otherwise not addressable by individual studies due to limited statistical
power.

2 Postmenopausal Hormone Therapy and Coronary Heart Disease
2.1 A Tale of Two Study Designs

Initiated in 1993, the Women’s Health Initiative (WHI) comprises the Estrogen-plus-
Progestin Trial, the Estrogen-Only Trial, the Diet Modification Trial, the Calcium-
plus-Vitamin D Trial (nested within the two hormone trials and the Diet Modification
Trial), and a large Observational Study, which includes women who were not willing
to participate in or not eligible for the trials [69]. The two parallel hormone trials
were in part motivated by previous observational findings that suggested a 40-50 %
lower risk for CHD associated with hormone use [4, 18, 65]. Unlike observational
studies, however, the Estrogen-plus-Progestin Trial found that women randomized to
hormone therapy had a 24 % increased risk for CHD after an average follow-up of
5.6 years [34], whereas the Estrogen-Only Trial found no increase or decrease in risk
for CHD with hormone use after a mean follow-up of 6.8 years [25]. In the post-WHI
era, the relation between postmenopausal hormone therapy and CHD remains one of
the most controversial public health issues and a widely cited example casting doubt
on the validity of observational studies.
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2.2 Possible Explanations for the Randomized-Observational Study Discrepancy

Potential explanations for the conflicting WHI and observational findings have been
discussed extensively [1, 7, 11, 16, 19, 20, 26, 31, 35, 37, 40, 57, 64], and many of
them can be applied to the randomized-observational study discrepancies in general.

Confounding bias in observational studies? While women in the hormone and
placebo arm of the WHI hormone trials were comparable in their baseline charac-
teristics, hormone users in previous observational studies were likely to be different
from non-users in their underlying risk for CHD. Specifically, a “healthy user effect,”
which argues that hormone users are generally healthier or more health-conscious
than non-users, may at least partly explain a lower CHD risk with hormone therapy
in some observational studies [20].

Different treatment regimens? The Estrogen-plus-Progestin Trial, which found an
increased CHD risk with hormone therapy, studied one combined hormone regimen,
whereas most observational studies in the pre-WHI period examined estrogen-only
therapy. The two regimens may have different effects on CHD [33].

The timing hypothesis? The timing hypothesis argues that the hormone therapy-
CHD relation may vary by the stage of coronary atherosclerosis: estrogen may reduce
the risk for CHD (through, for example, its effects on lipid profile or endothelial func-
tion) in younger women who do not yet have advanced atherosclerotic plaque in their
coronary arteries, but trigger CHD (through, for example, its effects on thrombo-
sis, inflammation, and plaque rupture) in the presence of advanced lesions in older
women [33, 36, 43]. This hypothesis is biologically plausible [36] and is supported
by nonhuman primate studies [38] and some data from the WHI hormone trials (es-
pecially the Estrogen-only Trial) [25, 32, 34, 58]. Whether existing evidence con-
clusively proves the timing hypothesis has been debated [3]. Recent studies have
indicated that both the timing of treatment initiation and the duration of treatment
might be important in determining the benefits and risks of postmenopausal hormone
therapy [21, 42, 60, 66, 74].

Were they estimating the same treatment effects? The primary analysis of the WHI
hormone trials followed an intention-to-treat (ITT) principle, ignoring changes in
treatment status during follow-up and essentially estimating the effect of hormone
initiation. In contrast, most pre-WHI observational studies have employed an “as-
treated” approach by comparing current hormone users with non-users, effectively
estimating the effect of current hormone use. The two effects can be very different,
especially when an elevated risk emerges soon after treatment initiation and nonad-
herence is common. Specifically, in some observational studies, women who expe-
rienced CHD following hormone initiation and subsequently stopped the treatment
might not have been identified as cases, or might have been systematically misclas-
sified as unexposed cases, leading to an underestimation of the true adverse effect of
hormone therapy [20, 49].

3 Prentice’s Work on Resolving the Randomized-Observational Study
Discrepancy

Prentice and colleagues have pioneered a series of analyses that combined the trial
and observational data in the WHI to address some of the potential sources of the
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randomized-observational study discrepancies discussed above [45—47]. The WHI
offers a unique opportunity to address these issues as participants were followed con-
temporaneously, using a similar protocol, regardless of whether they were in the trials
or the observational study. Prentice and colleagues were able to achieve better align-
ment of trial and observational results when they examined the effects of hormone
therapy by time from initiation of the current hormone therapy, and adjusted for an
extensive list of potential confounders in the observational data. They suggested that
the tendency for RCTs to have predominantly short-term follow-up (characterized
by increased CHD risk from hormone therapy) and observational studies to have
predominantly long-term follow-up (characterized by neutral or reduced CHD risk)
might explain a large proportion of the discrepancy between the two study designs.
However, their observational analyses started follow-up at the time participants en-
tered the study, not at the time they initiated hormone therapy. As a result, CHD
events that occurred from the time of treatment initiation to the time of study entry
were not appropriately included in the analyses.

4 An Analytic Framework for Aligning Observational and Randomized Data

Building in part upon work pioneered by Prentice and colleagues [45—47], Herndn
and colleagues [21, 24, 74] and Tannen and colleagues [67], we develop a conceptual
analytic framework that can be used to align observational and randomized data.
The analytic framework requires that one be able to conceptualize a hypothetical
trial using observational data (Fig. 1). It tailors the design of observational studies to
emulate their RCT counterparts at the design phase, and maps their analysis to the
ITT approach used in RCTs at the analysis phase. The goal is to design a cohort study
identical to an actual or hypothetical RCT, except that the assignment of treatment
status is neither random nor blinded. We refer to such a cohort study as a “simulated
trial.”

An inception cohort design and a restriction approach form the backbone of the
design phase of the framework. The inception cohort design identifies treatment ini-
tiators following a “wash-out” period (with length defined by investigators), allowing
one to follow individuals at the time of treatment initiation to identify early events
and assure that confounders can be measured prior to treatment initiation [49]. The
restriction approach identifies the subset of the inception cohort who meets the eli-
gibility criteria of the actual or hypothetical RCT. Restriction reduces confounding
by removing individuals who are ineligible for certain treatment due to contraindica-
tions or unmeasured risk factors [48, 61, 76]. The analysis phase is guided by the ITT
approach, the primary analysis used in RCTs that preserves baseline comparability
of participants in different treatment groups.

The analytic framework allows one to assess the generalizability of RCT findings
in the more diverse populations generally found in the observational data by gradually
relaxing the eligibility criteria or by using the approach developed by Cole and Stuart
(Sect. 5.4) [8]. It also enables one to use both randomized and observational data to
estimate an array of treatment effects that are of clinical and scientific relevance.
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Randomized trials Observational studies
Framing the research question Framing the research question
A 4 JV
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Completing a wash-out examine real-world
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treatments
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Conducting intention-to-treat Conducting intention-to-treat
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(Adjusting for baseline
confounding)

A4 A4
Estimating other treatment Estimating other treatment
effects of interest effects of interest
(Adjusting for time-varying (Adjusting for time-varying
confounding and selection confounding and selection
bias) bias)

Fig. 1 A conceptual analytic framework for aligning randomized and observational data

We have previously applied part of the analytic framework to the Nurses’ Health
Study—a large prospective observational study—to obtain ITT results that are con-
sistent with the results from the WHI Estrogen-plus-Progestin Trial [21] (Table 1).
Since the ITT estimates might underestimate the true effects of hormone therapy in
the presence of treatment nonadherence and since these effect might not be directly
comparable across studies in the presence of differential nonadherence, we further
used the framework to estimate the adherence-adjusted effects in both the Nurses’
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Health Study [21] and the WHI Estrogen-plus-Progestin Trial [74] (Table 2). In ad-
dition to highlighting the importance and usefulness of the analytic framework, these
analyses provide insight into the relation of hormone therapy and CHD by age, year
since menopause, treatment duration.

5 Theoretical Application of the Analytic Framework Using the WHI Data

In this section, we describe how the analytic framework may theoretically be applied
to the WHI data. We simplify the discussion by assuming that non-methodological
issues, including data availability and reliability, are minor or can be addressed ad-
equately. Where applicable, however, we highlight certain data issues based on our
knowledge of the data, and their implications on the feasibility of applying the frame-
work in practice.

5.1 Emulating the WHI Estrogen-Plus-Progestin Trial Using the Observational
Study Data

The design and analysis of the WHI Estrogen-plus-Progestin Trials (“the Trial”’) have
been described in detail elsewhere [34, 69, 70]. Briefly, in this double-blinded trial,
postmenopausal women aged 50-79 years with an intact uterus and without certain
exclusion conditions (described below) at baseline were randomly assigned to re-
ceive oral conjugated equine estrogens, 0.625 mg/d, plus medroxyprogesterone ac-
etate, 2.5 mg/d or placebo. They were followed for occurrence of a number of out-
comes, such as CHD, cancer, fracture, and mortality. As with other RCTs, the primary
analysis was guided by an ITT principle.

Using this analytic framework, we first identify postmenopausal women aged 50—
79 years with an intact uterus at the baseline visit from the WHI Observational Study
cohort. Among these women, we identify those who reported either use of the same
hormone regimen as in the Trial or no use of hormone therapy at baseline. To mimic
the 3-month wash-out period used in the Trial, these women must also report having
no use of any hormone therapy in the last 3 months. We further restrict the cohort
according to the eligibility criteria of the Trial, including no myocardial infarction,
stroke, transient ischemic attack in the previous 6 months, and no breast cancer or
other cancers (except non-melanoma skin cancer) within the past 10 years.

The remaining women form the study cohort of the simulated trial. They are fol-
lowed from the baseline visit to the earliest occurrence of CHD, death, loss to follow-
up, or end of follow-up (July 7, 2002, the day the Trial was terminated). We compare
the risk for CHD between hormone initiators and non-initiators, regardless of whether
these women subsequently stopped or initiated hormone therapy. Specifically, we es-
timate the average hazard ratio of CHD in hormone initiators versus non-initiators,
and its 95 % confidence interval (CI), by fitting a Cox proportional hazards model
that includes a non-time-varying indicator for hormone initiation.

To obtain valid effect estimates in the simulated trial, however, we need to ad-
just for baseline confounders, which include sociodemographic, lifestyle, dietary, and
medical factors [21, 24, 45-47, 74]. There are several ways to incorporate baseline
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confounders in the analysis, inducing matching, stratification, modeling, or weight-
ing [28, 72]. A common approach is to adjust for them in the outcome regression
model, either as individual covariates or as confounder summary scores (e.g., propen-
sity scores [29, 56] or disease risk scores [2]).

5.2 The Sequential Simulated Trial Design

The approach described above produces imprecise effect estimates if there are few el-
igible hormone initiators at the baseline visit. However, we can produce an additional
simulated trial if we apply the framework again to subsequent follow-up contacts in
the WHI Observational Study (Fig. 2). This sequential simulated trial design has been
shown to improve statistical efficiency [12, 21]. We construct additional simulated tri-
als at each subsequent follow-up contact. In each trial, we use the updated information
to apply the eligibility criteria and identify hormone initiators and non-initiators. We
then pool all trials in a single analysis and use the robust variance estimator [30] to
account for within-person correlation because some women may participate in mul-
tiple trials. We assess the potential heterogeneity of the ITT estimates across trials by
estimating a separate parameter in each trial and testing for heterogeneity of the pa-
rameters, or by creating a product term between trial and hormone therapy indicator
and testing for the product term being different from zero [21].

5.3 Differences Between the Simulated Trial and the Actual Randomized Trial

There are a number of differences between the simulated trial and the actual Trial.
First, unlike in the actual Trial, the distributions of baseline risk factors for CHD
are likely to be different between hormone initiators and non-initiators in the simu-
lated trial. Therefore, additional adjustment for potential confounders is necessary.
The validity of the simulated trial results depend heavily on the availability of and
appropriate adjustment for all the joint determinants of hormone therapy and CHD.
Second, treatment assignment in the simulated trial is not blinded, i.e., patients and
clinicians know what patients receive. Bias may arise if outcome diagnosis varies

Time 1 Time 2 Time 3

% 1% simulated trial

% 2" simulated trial

A 4

% 3™ simulated trial
i
L

Time

* Identify hormone initiators and non-initiators with a user-defined wash-out period; apply
eligibility criteria

Fig. 2 A sequential simulated trial design
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by treatment status, but this is not likely to be a major issue in the WHI Observa-
tional Study because the follow-up protocol was developed carefully to ensure that
the identification, reporting, and validation of the outcome are independent of hor-
mone use status [69]. However, the awareness of treatment status may lead to be-
havioral changes that may also impact the outcome risk. As a result, the ITT effect
observed in the simulated trial is likely not solely from the treatment itself, but also
that from the associated behavioral changes [12]. This is less of a concern if the goal
is to emulate an open-label trial. (We note that even though the actual Trial was de-
signed to be double-blinded, blinding might not be complete. For example, women
with menopausal symptoms in the placebo arm may assume that they were receiving
placebo.)

Third, it is not possible to identify placebo initiators in the simulated trial. To
further mimic the Trial, we may use initiators of another drug not thought to be asso-
ciated with CHD as the comparison group. Initiators of glaucoma drugs, which have
been previously used to adjust for biases arising from healthy-user effects [62], may
be a potential comparison group, but others may also be considered. The comparison
group should be similar to the hormone group in their baseline characteristics. This
can be achieved in part by applying the same eligibility for both the hormone and
the comparison group. Identifying an appropriate comparison group is usually not
an issue if the goal is to mimic RCTs with active comparators. Fourth, in the Trial
a pre-randomization, placebo-only wash-out period was used to identify individuals
who were likely to adhere to their assigned treatment during the Trial. Therefore, we
might further require participants to also report using a non-study drug in the previous
3 months. However, the granularity of drug use information in the WHI Observational
Study might be too coarse to be used to deal with the last two issues.

5.4 Assessing the Generalizability of RCT Findings

We can use the analytic framework to assess the generalizability of the RCT results.
For example, if the interest is in a specific subgroup of individuals excluded from
the Trial (e.g., individuals with breast cancer in the past 10 years), the simulated trial
can be constructed as described above, except that these individuals are no longer
excluded from the analysis. The eligibility criteria can be further modified to include
other individuals who are excluded from the RCTs. We can study the average treat-
ment effects in the overall population, or within strata of baseline characteristics to
examine treatment heterogeneity.

Alternatively, we can use the approach proposed by Cole and Stuart to deal with
multiple exclusion criteria simultaneously [8]. The approach models the conditional
probability of being selected from the target population into the RCT, then uses in-
verse probability weighting (described in greater detail in the next section) to stan-
dardize RCT results to the target population under the assumptions that determinants
of selection that reflect treatment heterogeneity be measured and modeled correctly. If
the framework is applied to a comparative effectiveness question, it may also provide
insight into the “efficacy—effectiveness gap” often observed in studies of intended
effects of therapeutics [14, 41].
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5.5 Estimating Other Treatment Effects of Interest

In addition to ITT effect, other treatment effects of interest can also be estimated using
both the observational and the RCT data. These treatment effects can be estimated
by a number of methods that appropriately adjust for time-dependent confounders
that are also affected by prior treatments, including inverse probability weighting
of marginal structural models [22, 54, 72], g-estimation of structural nested models
[51-53], or the parametric g-formula [50, 55, 68, 78]. This section describes how
to use inverse probability weighting to estimate two treatment effects that are both
scientifically and clinically relevant.

5.5.1 Treatment Effect Under Full Treatment Adherence

We use inverse probability weighting to estimate the effect if all women had adhered
to their initial assigned treatment throughout the follow-up: this effect is sometimes
referred to as the effect of continuous treatment. As RCTs are also vulnerable to
time-dependent confounding and selection biases that arise from differential loss to
follow-up, inverse probability weighting is used in both the simulated trial and the ac-
tual Trial. (Note: Since loss to follow-up was minimal in the Estrogen-plus-Progestin
Trial and the Observational Study during the study period, we do not use inverse
probability weighting to adjust for selection bias due to study dropout. Readers are
referred to [22, 54, 72] for more information.)

Informally, the inverse probability weighting approach weighs each woman at
each follow-up time by the inverse of the conditional probability (or more gener-
ally, density) of having her observed treatment history through that time. A valid
weight is required to provide an unbiased estimate of the treatment effect. To obtain
a valid weight, we need to include in the weight estimation models all the joint deter-
minants of treatment and outcome. This method produces valid estimates provided
that treatment status at each follow-up time is unrelated to unmeasured risk factors
for the outcome conditional on the measured covariates. The weight will be invalid,
if, for example, LDL (which is not available for all WHI participants at all follow-up
timepoints) is still predictive of hormone use after adjusting for all measured factors
such as body mass index and use of lipid-lowering medications.

We describe hormone use as an annualized proportion with a person-year data
structure (i.e., each observation is a person-year contributed by eligible participants).
In the Trial, this is computed from the proportion of study pills taken obtained from
weighing of returned bottles and the self-reported treatment duration of non-study
hormone use. In the simulated trial conducted within the WHI Observational Study,
information about the proportion of pills taken is not available, so we estimate the
annualized proportion based on the self-reported treatment duration in a given year.
Many women, especially those in the placebo arm of the Trial, reported no hormone
use, resulting in a skewed distribution. Thus, we use a “two-part model” [13] to es-
timate the inverse probability (density) weights by fitting, separately for each arm,
(1) alogistic regression model to estimate each woman’s probability of receiving any
hormone therapy during each follow-up year, and (2) a linear regression model to es-
timate each woman’s density of receiving her actual proportion of pills taken (some
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transformations, e.g., arcsin-root transformation, may be required) among those with
non-zero use during that year [10, 54, 73, 74]. Both models include years since ini-
tiation, proportion of study pills taken in the previous year, as well as the potential
confounders measured at baseline and, for time-varying covariates, at the most re-
cent visit. A list of baseline and time-varying confounders can be found in a previous
study [74].

The weight for each woman at each year is calculated as the inverse of the prob-
ability (or density) of having received her actual treatment history through that time.
To improve statistical efficiency, we stabilize the weights [22, 54, 72] by adding to
their numerator the estimated density of received treatment history conditional on
the proportion of study pills taken in the previous year and selected baseline covari-
ates included in the model for the denominator of the weights. A woman contributes
as many observations to the models as person-years she was in the study, i.e., from
baseline to the earliest occurrence of CHD, death, loss to follow-up, or end of study
period.

To estimate the effect under continuous hormone therapy, we need to assume a
“dose-response” outcome model. This is required in this version of the inverse prob-
ability weighting approach that does not censor participants when they become non-
adherent [12]. An alternative approach censors participants when they deviate from
their initial treatment and uses inverse probability weighting to adjust for potential
selection bias that arises from such censoring. That approach does not require a dose-
response outcome model but generally has a smaller sample size in the final outcome
analysis [12].

The dose-response outcome model should be specified based on subject-matter
knowledge whenever possible. If we assume a cumulative effect of hormone therapy
on the risk for CHD, we can fit a weighted pooled logistic regression model [71]
(to approximate the Cox model) that includes a time-varying variable for cumulative
hormone therapy, calculated as the sum of the proportion of pills taken since baseline,
and the baseline variables used to estimate the numerator of the weights. Other dose-
response models can be specified. Fitting different dose-response models allow us to
examine the robustness of study findings. To estimate the average hazard ratios, we
use the parameter estimates from the model to simulate a Monte Carlo sample of, say,
100,000 women, and use a non-parametric bootstrap estimator [77] to calculate the
95 % Cls for the average hazard ratios.

In applying the analytic framework in this theoretical exercise, the use of a person-
year data structure and a dose-response outcome model is not by choice but rather by
necessity. The information available in the WHI does not allow us to establish with
confidence the temporal sequence of treatment nonadherence and CHD in a given
year. Therefore, we are not able to censor participants at the exact time they became
nonadherent.

5.5.2 Effects of Dynamic Treatment Regimens
Sometimes the effect under continuous treatment may not be clinically meaningful
because patients may have to stop the treatment due to, for example, severe side

effects. Therefore, the effects of treatment regimens that evolve with patients’ chang-
ing prognosis and indications for treatment may be of greater interest. In the WHI

@ Springer



356 Stat Biosci (2013) 5:344-360

Estrogen-plus-Progestin Trial, participants in the hormone arm who developed an
adverse outcome (e.g., endometrial hyperplasia with atypia) were required to perma-
nently stop their study pills. We can estimate the effect of hormone therapy that would
have been observed had all women fully adhered to this protocol using inverse prob-
ability weighting [6, 23, 73, 75]. More specifically, we can estimate the effects under
the dynamic regimen ‘“take hormone therapy until an adverse event occurs, then stop
taking hormone therapy.” To do so, we artificially censor participants in the hormone
arm at the time they deviated from the protocol (i.e., did not stop taking their study
pills after they had an adverse event).

Such artificial censorings may result in selection bias because the distribution of
risk factors of CHD may differ between the censored and the uncensored women.
To adjust for this potential selection bias, we would estimate time-varying, subject-
specific inverse probability weights whose denominator is the women’s estimated
conditional probability of remaining uncensored at each time. However, the predic-
tors of censoring at time ¢ are in fact the predictors of hormone therapy continuation
at ¢ because those who continue taking their study pills are precisely those who are
censored. Therefore there is no need to estimate separate inverse probability weights
to adjust for selection bias because the treatment weights estimated above already ad-
just for selection bias due to such artificial censoring. Thus, to estimate effect of this
dynamic hormone treatment regimen, we fit a weighted pooled logistic regression
model only for women who remained uncensored.

Inverse probability weighting, g-estimation of structural nested models, and other
methods can be used to estimate the effects of other dynamic treatment regimens.
Readers are referred to [23, 39, 51-53, 75] for additional information.

5.6 Performing Stratified or Subgroup Analyses

It is common to perform stratified or subgroup analyses in comparative safety and
effectiveness research. For example, we may be interested in estimating the effects
of postmenopausal hormone therapy by the timing of treatment initiation and the
duration of treatment as recent studies have suggested that both factors might be
important in determining its risk and benefit profile [21, 42, 60, 66, 74]. It is straight-
forward to conduct stratified or subgroup analyses by baseline characteristics under
the analytic framework. For example, we can stratify the analysis according to the
recency of menopause at the time of treatment initiation (e.g., <5 vs. >5 years since
menopause) or age (e.g., 50-59 vs. >60 years) to estimate the treatment effects by
timing of use. The effects of hormone therapy by duration of (continuous) use are
in fact time-varying treatment effects, even though the treatment status remains un-
changed over that duration. Therefore, we can use the method described in Sect. 5.5.1
to estimate the effects of hormone therapy by treatment duration (e.g., first 2 years of
continuous use) [21, 74].

5.7 Combining Observational and RCT Data

We examine if there is heterogeneity in effect estimates from the simulated trial and
the actual Trial. This can be done by Wald test for homogeneity [59]. If there is little
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evidence of heterogeneity of a specific treatment effect (e.g., the ITT effect among
women aged 50-59 years in the first 2 years following treatment initiation), the log
hazard ratios from the studies can be weighted by the inverse of their variances to
obtain pooled estimates [59]. Other pooling approaches can also be considered.

6 Conclusion

We have described a conceptual analytic framework for aligning randomized and
observational data. Under this framework, we can use observational and RCT data to
estimate comparable treatment effects, assess the generalizability of RCT findings,
and combine both types of data to study associations that require larger sample size.
The proposed framework may be used to answer some of the unresolved questions
about the hormone-CHD relation, e.g., whether the timing hypothesis is supported by
existing data. It can be tailored to specific exposure-outcome associations, and may
be refined as more is learned about its strengths and limitations.
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