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Abstract

Background—The parametric g-formula can be used to estimate the effect of a policy,
intervention, or treatment. Unlike standard regression approaches, the parametric g-formula can be
used to adjust for time-varying confounders that are affected by prior exposures. To date, there are
few published examples in which the method has been applied.

Methods—We provide a simple introduction to the parametric g-formula and illustrate its
application in analysis of a small cohort study of bone marrow transplant patients in which the
effect of treatment on mortality is subject to time-varying confounding.

Results—Standard regression adjustment yields a biased estimate of the effect of treatment on
mortality relative to the estimate obtained by the g-formula.

Conclusions—The g-formula allows estimation of a relevant parameter for public health
officials: the change in the hazard of mortality under a hypothetical intervention, such as reduction
of exposure to a harmful agent or introduction of a beneficial new treatment. We present a simple
approach to implement the parametric g-formula that is sufficiently general to allow easy
adaptation to many settings of public health relevance.

Imagine an oncologist knocks on your door with the following problem: she wants to know
how much she could reduce mortality among her bone marrow transplant patients by
prescribing a new drug that prevents graft-versus-host disease, a side effect of allogeneic
marrow transplantation.! While graft-versus-host disease is associated in observational
studies with an increased risk of mortality, it also reduces the risk of leukemia relapse —
thus, any drug that prevents graft-versus-host disease may have the very undesirable side
effect of increasing the rate of relapse.2 She wants to compare the mortality in her cohort

with what mortality would be in that same cohort if they had taken this new drug. We cannot
answer this question with a regression model because leukemia relapse is a risk factor for
mortality and subsequent graft-versus-host disease and it will also decrease the incidence of
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subsequent relapse (i.e. relapse is a confounder affected by exposure).3: 4 However, we can
answer this question using the g-formula.

The g-formula is an analytic tool for estimating standardized outcome distributions using
covariate (exposure and confounders) specific estimates of the outcome distribution.>The g-
formula can be used to estimate familiar measures of association, such as the hazard ratio. In
the current paper, we address the oncologist’s question: we compare observed mortality in
our cohort with the expected mortality in that cohort under the new treatment.

Epidemiologists often use regression models (for example, the Cox proportional hazards
model) to adjust for confounding; this is equivalent to estimating stratum-specific hazard
ratios and then averaging the information-weighted hazard ratios. When some of those
confounders are also causal intermediates, this amounts to adjusting away some of the effect
of exposure.® 7 The g-formula works differently: first, one finds weighted averages of the
stratum-specific hazards, and then those averaged (standardized) hazards are combined in a
summary hazard ratio. Thus, bias resulting from time-varying covariates that can be both
confounders and causal intermediates is a shortcoming of using regression models to control
for confounding, rather than a general principle of observational data analysis.8: © The g-
formula is a tool that overcomes this shortcoming, but its use in the literature has been
sparse — we could find only 9 examples using observational data.8: 19-17 We hypothesize that
the dearth of software packages and lack of useful, yet simple, examples of the g-formula
have been the main barriers to broader use.

We show how the g-formula can be used with standard software tools that many
epidemiologists already employ, and we illustrate it using publicly-available data from a
small cohort study with accompanying SAS code in an eAppendix. We illustrate how we
can estimate the net (total) effect of a hypothetical treatment to prevent graft-versus-host
disease on mortality and compare the g-formula approach with a regression approach. The
g-formula (as with any statistical method) relies on making assumptions in order to make
sense of the complex processes underlying the data. We discuss possible ways to assess how
well we meet the assumptions as well as the robustness of the g-formula to violations of
these assumptions.

METHODS

The g-formula

Using regression methods to control confounding requires making the assumption that the
effect measure is constant across levels of confounders included in the model. Alternatively,
standardization allows us to obtain an unconfounded summary effect measure without
requiring this assumption. The g-formula is a generalization of standardization and can be
expressed similarly. For example, the 10-year risk of death for a group of individuals,
standardized across some dichotomous (1,0) risk factor Z could be expressed as

Pr(deathzl)zZPr(death:l |Z=2) Pr(Z=z)
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where 3} indicates that we are summing over each possible value of Z, and Pr (Z = 2) is the
probability that Z takes on the value z in the reference population. If the 10-year risk of
death among the group with Z=1 was 0.1 and the risk among the group with Z=0 was 0.05,
and we were studying a population with a 60 individuals with Z=1 and 40 individuals with
Z=0, the Z-standardized 10-year risk of death would be 0.1*(60/100)+0.05*(40/100) = 0.08.

The g-formula relies on this same set of calculations. Suppose now that we have a cohort of
50-year-old men and we wish to estimate the change in 10-year risk of death from some
exposure, X, that has no effect on mortality among 50-55 year olds but increases mortality
after age 55. The overall 10-year risk of death, Pr(death;g=1), could be calculated using the
probabilities expressed by the g-formula:

Pr(death1p=1) = Y Pr(deathio=1|X=z, age>55, deaths=0) Pr(X=x|age>55, death5=0)

(1 — Pr(deaths=1|X=xz, age < 55) Pr(X=z|age < 55))
+ Pr(deaths=1|X=x, age < 55) Pr(X=z|age < 55)

Assume 50% are exposed at the start. As shown in the calculations from Table 1, if the
probability of death in our cohort after 5 years (at age 55 - deaths) is 0.025 for everyone and
the conditional probability of death between 5 and 10 years of follow-up (i.e. between age
55 and 60) is 0.06 for exposed and 0.051 for unexposed individuals, the overall standardized
10-year risk of death (Pr(death;g=1)) would be 0.08. We consider the probability of death in
the second period to be conditional because we condition (restrict) our data to the
individuals still alive at the beginning of year 6. The overall standardized risk is often
referred to as the “natural course”, because we are estimating the risk under no
interventions. In this setting (in which we can observe all covariate specific probabilities),
the observed 10-year risk will equal the 10-year risk calculated using the “natural course.”

Use of the g-formula for effect estimation proceeds using the standardization formula above
and substituting new values for probabilities of exposure defined by a hypothetical
intervention. For example, if we wished to estimate the effect of exposure on the 10-year
risk of death, we would use the g-formula to calculate the risk of death if we intervened to
make all individuals “always exposed “ (i.e. set Pr(X = 1|age) = 1.0 (and Pr(X =0|age) = 0.0)
regardless of age) versus the risk if we intervened to make all individuals “never exposed”
(e.g. set Pr(X =0|age) = 1.0) (and Pr(X = 1|age) = 0.0)). As shown in Table 1, we substitute
1.0s (and 0.0s) into the standardization formula for these conditional exposure probabilities
and arrive at a 10-year risk for the intervention “always exposed” of 0.084 and for the
intervention “always unexposed” of 0.075 (g-formula standardized risk difference = 0.009).
For an intervention in which we expose all participants in the last 5 years only (the treatment
plan “expose if still alive at 5 years”), we would “intervene” by setting conditional
probabilities Pr(X| age > 50) to 1.0 and Pr(X| age < 55 to the conditional proportions
observed in the original data (risk=0.084).

The parametric g-formula

While standardization using the g-formula is simple enough to do by hand in our
hypothetical example, epidemiologic studies often have richer covariate sets and longer
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periods of follow-up. In such studies, stratification by many covariates can quickly lead to
strata in which there are not enough data to calculate the conditional probabilities, and use of
continuous covariates does not allow this stratification approach. Instead of directly
calculating every conditional probability, we can use parametric regression modeling to
calculate the conditional probabilities used to carry out computations shown above. Further,
we can simulate data from the conditional probability distributions to approximate
standardization. Robins referred to this approach of using modeled conditional probabilities
to estimate standardized effect measures as the parametric g-formula.14 18 The data from
our illustrative example and SAS code to carry out our algorithm are provided in
eAppendices 1 through 4.

[llustrative example

We use the parametric g-formula to estimate the hazard ratio comparing mortality in a
cohort of bone marrow transplant recipients (described in detail by Copelan etal® and by
Klein and Moeschberger) 20 under different treatments by a hypothetical drug that prevents
graft-versus-host disease. Use of the g-formula for our example was motivated by
hypothesized time-varying confounding shown in the causal diagram in Figure 1, and by the
desire to estimate the reduction in mortality from an intervention that could prevent graft-
versus-host disease.

Study population—The study population arose from a multicenter trial of leukemia
patients and comprises 137 individuals prepared for bone marrow transplants under a
radiation-free regimen at four medical centers. Allogeneic bone marrow transplants were
performed between 1 March 1984 and 30 June 1989, and patients were followed until death
or administrative censoring at 5 years following transplant. Baseline covariates at time of
transplant included age, sex, leukemia type (acute lymphocytic or acute myeloid leukemia),
wait time from leukemia diagnosis to transplantation, and cytomegalovirus immune status
(yes or no). Patients were followed to assess when, if at all, platelets returned to the normal
range (as a measure of immune function) and the patient experienced leukemia relapse.

We illustrate how to apply the parametric g-formula to the cohort of bone marrow transplant
recipients to estimate the effect of a hypothetical intervention that prevents graft-versus-host
disease from occurring. While the cohort is small, our example can be easily adapted to
larger observational studies with long-term follow-up.

The parametric g-formula algorithm for the bone marrow transplant data—We
use a 3-step algorithm for the parametric g-formula to estimate hazard ratios comparing: a
new drug that prevents graft-versus-host disease from occurring during follow up
(“prevented”) versus no intervention (“natural course”). We compare “natural course” to
“prevented” as a measure of how effective a drug that prevents graft-versus-host disease
would have been at preventing mortality in our cohort (or similar populations). We present
the algorithm in compact form in Figure 2, and interested readers may find it of use to
follow our algorithm with the SAS code and data given in eAppendices 1-4 and the more
formal (and technical) presentation of the g-formula of our data in eAppendix 5.
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Step 1) Probability modeling: We start with a person-period data set in which each record
corresponds to one person-day and time-varying covariates are represented as (0,1)
dichotomous variables for each person day. Within this person-period data, we fit a pooled
logistic model (i.e. a logistic model fit to all person periods) to estimate the log-odds of each
of the time-varying covariates (graft-versus-host disease, platelet level, relapse, death), for
each person period (i.e. the conditional log-odds of the covariate taking on the value “17).21
We included time (i.e. days since transplant) in the model using a set of polynomial terms.
Because we modeled the onset of graft-versus-host disease (and other time-varying
covariates), the models for each covariate on day k were fit using only person-days for
which the patient had not yet experienced each time-varying covariate on day k — 1. We
transformed the log-odds of each covariate into probabilities using the transformation Pr(:) =

exp ()/(1+exp ().

Step 2) Monte Carlo sampling: From our original data of N=137 patients, we re-sampled
with replacement M=137,000 “pseudo-patients,” retaining only baseline covariates. The
sample should be as large as practical to minimize simulation error. This simulation is
carried out as follows.

We simulated time-varying covariate and outcome data for each of the pseudo-patients using
conditional probabilities generated in Step 1 and baseline covariates (with time-varying
covariates set to 0 at baseline). Each pseudo-patient received values for these covariates on
each day based on a draw from a Bernoulli distribution with the conditional mean given by
the probability modeled in Step 1, above. Essentially, on each day k, we flipped biased coins
to choose whether or not the pseudo-patient became exposed, experienced relapse, returned
to normal platelet levels, was censored, or died, and the probability of a coin coming up
“heads” depended on values of those covariates on prior days and the baseline covariates.

The dataset from this step is known as the “natural course” because there is no intervention.
To ensure that covariate distributions from the “natural course” closely follow distributions
in the observed data, we examined the Kaplan-Meier survival curve for death (Figure 4) as
well as the complement of the Kaplan-Meier curves for time to onset of graft-versus-host
disease, relapse, and normal platelet count (Figure 3). We fit multiple parametric forms for
each model in Step 2 and based our final choice of model on how closely these graphs and
covariate means from the “natural course” matched those in the observed data. For example,
we compared the fit of models using linear, quadratic, cubic polynomial, quadratic spline,
unrestricted cubic spline, and restricted cubic splines. Model components and coefficient
values are given in eAppendix 6.

We repeated Step 2 using an intervention “prevented,” set graft-versus-host disease to 0 and
generate all other covariates, forcing graft-versus-host disease to remain 0. By setting the
values of graft-versus-host disease in the dataset, the proportion of deaths in the simulated
dataset in which we set graft-versus-host disease=0 approximates the solution to the explicit
formulas shown in our hypothetical example (in which the conditional probabilities of graft-
versus-host disease onset are all set to 0).
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Step 3) Effect estimation: We concatenated the datasets from Step 2, estimating the hazard

ratio by comparing the hazards in the “natural course” dataset with those in the “prevented”
dataset. This was done by using an indicator variable for the dataset (1="natural course,”
0="prevented”) and using that indicator as the exposure variable in a Cox model.

To estimate confidence intervals for the hazard ratio, we repeated Steps 1-3 on 4000 samples
of size 137 taken at random with replacement from the original data. The standard deviation
(SD) of the 4000 log-hazard ratios approximates the standard error of the log-hazard ratio,
and was used to calculate 95% confidence intervals (Cls) using the normal approximation:
log-hazard ratio +1.96*SD(log-hazard ratio).

Statistical methods for comparison

RESULTS

To compare the g-formula with standard methods, we estimated crude and covariate
conditional hazard ratios (and 95% confidence intervals) for the effect of graft-versus-host
disease on mortality using a Cox proportional hazards model for time-varying data (with
observed data).22 We controlled for possible confounding by baseline and time-varying
covariates by including indicator terms in the Cox model. A test of proportional hazards in
crude and regression-adjusted models indicated that a summary hazard ratio over the five-
year course of the study was adequate.

Patients had a median age of 28 years (interquartile range=21-35), and 60% were male
(Table 2). Half of the patients tested positive for cytomegalovirus at baseline (n=68; 50%).
In the first 5 years of the study, 72 patients developed graft-versus-host disease and 43
patients relapsed. Platelet levels returned to normal for 88% of patients (n=120). Five years
after receiving a transplant, 58% of the patients had died (n=80).

Regression adjustment

G-formula

The crude hazard ratio comparing the hazard of all-cause mortality among patients with and
without graft-versus-host disease was 1.2 (95% CI1=0.77-2.0; Table 3). The hazard ratio was
unchanged after regression adjustment for baseline covariates, but was notably larger after
regression adjustment for baseline and time-varying covariates (hazard ratio=2.3 [95%
Cl=1.4-3.9]).

In the simulated data under the natural course, the cumulative distribution functions for
platelet count, relapse, death, and graft-versus-host disease closely followed those in the
observed data (Figures 3 and 4). The 5-year cumulative risk of death using the g-formula
under the natural course was 61%. The hazard ratio comparing the “natural course” to
“prevented” (referent) was 1.1 (95% CI1=0.91, 1.3).

DISCUSSION

In our analysis of survival data using a simple and yet easily adaptable application of the g-
formula, we estimated the effects on mortality of an intervention to prevent graft-versus-host
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disease immediately after bone marrow transplant. Almost 60% of the bone marrow
transplant patients in this cohort experienced graft-versus-host disease under the natural
course; however, compared with a hypothetical intervention to prevent graft-versus-host
disease, under the natural course we observed an increase in the relative mortality hazard of
only 10%. Preventing graft-versus-host disease does not appear to markedly reduce
mortality risk because other factors that influence the risk of subsequent mortality, such as
leukemia relapse, are not decreased by the hypothetical intervention to prevent graft-versus-
host disease. Rather, preventing graft-versus-host disease may increase the rate of relapse:
42% of “pseudo-individuals” experienced relapse under the “prevented” intervention,
whereas 33% experienced relapse under the “natural course.” These observations agree with
the typically coincident occurrences of graft-versus-host disease and graft-versus-leukemia,
in which donor cells attack residual leukemia cells in the transplant recipient and may help
to prevent relapse. Graft-versus-host disease has been observed to correlate with a lower rate
of leukemia relapse and is hypothesized to reduce the probability of relapse through immune
mediation processes, of which normal platelet count is an indicator.

Cox regression analysis with adjustment for time-varying covariates suggested a
substantially higher mortality hazard for persons who have graft-versus-host disease when
compared with those who do not have this disease. Because the Cox model cannot
appropriately control time-varying confounding when the confounders are causal
intermediates, we hypothesize that the Cox model overestimates the total effect of graft-
versus host disease on mortality. Therefore, the difference between the g-formula estimate
and the regression adjustment method may be due, in part, to over-adjustment, which
introduces bias into our estimate of the total effect of graft-versus-host disease.23 In
addition, another reason for the difference between the g-formula estimate and the adjusted
Cox regression model estimate is that these analyses estimate different quantities. The g-
formula yielded an estimate of the hazard ratio comparing the observed mortality in our
cohort (the natural course) with the expected mortality in that cohort under the new
treatment. The Cox model yielded an estimate of the mortality hazard for those with graft-
versus-host disease compared with those without graft-versus-host disease.24

The g-formula can be used to estimate risk ratios or differences, which are easier to interpret
and less subject to some biases than are hazard ratios.2> Like Westreich et al, 14 we have
estimated hazard ratios as effect measures to ease the comparison with results from
conventional methods. However, when a confounder is a strong predictor of the outcome,
marginal hazard ratios from the g-formula and conditional hazard ratios from regression
approaches may differ even if there is no time-varying confounding, a condition known as
“non-collapsibility.”28 Because the set of time-varying covariates includes relapse, a strong
predictor of mortality, this is not a trivial concern for our example, but adjustment via
regression modeling simply replaces confounding bias with bias due to conditioning on an
effect of the exposure. However, the g-formula estimates a hazard ratio we could observe in
a population intervention (marginal, or standardized to the population), and is arguably more
useful than a conditional hazard ratio when estimating the public health impact of
interventions.
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There is little knowledge about how potential time-varying confounding by relapse and
platelet levels affects estimates of excess mortality due to graft-versus-host disease. G-
methods (the body of methods that derive from the g-formula, including structural nested
models and marginal structural models) may provide an avenue toward a clearer
understanding. G-methods have previously been shown to yield results congruent with
clinical trial data (where time-varying confounding may be minimized) in situations where
conventional analyses of observational data yield incongruous estimates.14: 27: 28 There are
few examples in the literature in which the parametric g-formula has been used to estimate
the effects of policies or interventions. Robins8: 10 estimated the effect of interventions
capping arsenic exposure on the risk of lung cancer in a cohort 8,047 copper smelter
workers in Montana. Ahern et al. 11 used the parametric g-formula to estimate the effect of
interventions to change neighborhood smoking norms on the prevalence of smoking using
data collected from 4000 New York City residents. Using data from the Nurses’ Health
Study, Taubman et al. 12 estimated the 20-year risk (cumulative incidence) of coronary heart
disease under interventions on dietary factors, exercise, smoking, alcohol consumption, and
body mass index; using data from the same study, Danaie et al. 16 estimated the effects of
similar interventions on the 24-year risk of type-2 diabetes and Garcia-Aymerich et al. 17
estimated the effect of joint interventions on physical activity and weight loss on adult onset
asthma incidence. In a cohort of 8392 HIV-infected participants in the HIV-CAUSAL
collaboration, Young et al. 13 applied the parametric g-formula to estimate 5-year mortality
risks under seven dynamic treatment regimes to determine the optimal CD4 count at which
to begin antiretroviral therapy. Westreich et al. 14 used the parametric g-formula to estimate
hazard ratios comparing the hazard of AIDS or death among 1498 HIV-infected patients
enrolled in the Multicenter AIDS Cohort Study and the Women’s Interagency HIV Study
had all study participants received antiretroviral therapy with the hazard had none of the
study participants received therapy. Finally, using data from a cohort of 3,002 textile
workers, Cole et al. 1° estimated effect on lung cancer mortality if recent occupational limits
on annual exposures to chrysotile asbestos fibers had been in place during the workers’
tenure.

In all of these studes except the one by Ahern et al., the potential for time-varying
confounding precluded the use of conventional regression approaches. In all cases, the g-
formula naturally lent itself to estimating the effects of potential interventions. Rather than
estimating the more familiar contrast in measures of disease occurrence for a unit change in
the exposure, the g-formula provides an estimate of outcome occurrence under a specific
treatment regime under study. While regression adjustment and the g-formula allow for
estimation of “etiologic” hazard ratios, only the g-formula easily allows estimation of the
effect of preventing graft-versus-host disease in the population, which may be more useful
for informing population-level interventions.

We must make several assumptions when using of the g-formula to estimate the effects of
exposure on an outcome in observational data.8 We provide a brief discussion of these
assumptions for our analysis, which are reviewed in depth elsewhere.2% 30 These
assumptions are not unique to the g-formula, but estimating effect measures in the g-formula
requires explicitly confronting these assumptions, which may be valuable in informing the
interpretation of observational studies.
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Conditional exchangeability

As epidemiologists, we may strive to measure and control for strong confounders of the
exposure-outcome relationship to avoid making inference based on spurious relationships,
and we often assume we have been successful — this is the assumption of conditional
exchangeability. In our g-formula example, we impute the potential outcomes for each
person based on an evolving covariate history generated by predictive models for the
exposure, covariates and the outcome. If there were a strong, unmeasured, baseline
confounder, we would have omitted an important variable from both the exposure model
and the outcome model. However, as Robins et al8 note, the exposure model does not need
to be correct in order to make inference from the g-formula. To see this, recall our original
hypothetical example in which, to make interventions, the probability of exposure is set to 0
in the “prevent” intervention. Thus, because we “set” exposure, the hazard under some
intervention will be subject to bias only through the model for the outcome. The practical
consequence of this is that unmeasured confounder bias should be (approximately) the same
under the g-formula and a standard regression model, when we are comparing two
interventions. However, unmeasured confounding bias may be greater in the g-formula
when comparing an intervention versus the “natural course,” since this analysis requires a
model for the exposure.

In more complex settings, such as if the omitted confounder were also a cause of another
time-varying covariate, the g-formula may be subject to more bias than conventional models
due to unmeasured confounding. Intuitively, this is because we could be accumulating bias
over multiple models, rather than a single outcome model (as in the standard Cox model).
However, we should note that, in complex time-varying settings, conventional models
require stratification over time-varying confounders, which may be problematic for reasons
discussed above, and conventional models may not be able to estimate useful effect
measures, such as the impact of an intervention on a population. The g-formula is not
subject to either of these shortcomings. Ultimately, the impact of unmeasured confounding
in the g-formula (versus conventional models) is an open question; future work will provide
guidance to epidemiologists working in settings where unmeasured confounding is expected
to be problematic.

While sensitivity analyses exist for examining robustness to the assumption of no
unmeasured confounding,3! they are most informative when one can hypothesize both a
source of confounding and the plausible levels of the strength of the confounder associations
in the study.32 We know of no factors that could strongly influence the estimated effect of
graft-versus-host disease on mortality, and so in the case of our g-formula example, the
sensitivity of the hazard ratio to unmeasured confounding would either be purely speculative
or be focused on finding the level of confounding that could explain the observed
association.

Treatment version irrelevance

We assume the effect of exposure is the same whether we set it, as in the case of Step 5 of
our algorithm or a clinical trial, or if it occurs naturally.33: 34 When we “intervene” to set
graft-versus-host disease to 0 for all pseudo-patients in our Monte Carlo sample, treatment
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version irrelevance means we assume that this emulates a process in which a researcher
could prevent graft-versus-host disease. We hypothesize this assumption may be violated in
our example, because acute and chronic forms of graft-versus-host disease may not affect
mortality with the same magnitude.? In this case, we could improve on how well we meet
this assumption by including models for both chronic and acute graft-versus-host disease, as
well as estimating effects for both on mortality. However, because we are estimating the
population-averaged effect of graft-versus-host disease on mortality, such an analysis would
not likely give substantially different results. Our analysis applies to graft-versus-host
disease, as it occurs in populations similar to our cohort in which graft-versus-host disease
can be either acute or chronic. Consistency requires that we specify interventions which are
unambiguous.3® Thus, the sensitivity of the g-formula results to violations of treatment
version irrelevance depends, in some respect, on how well one can emulate one’s analysis
with a clinical trial.

As an anonymous referee pointed out, our analysis can be used to guide future clinical trials
by informing on the effects of a drug that completely prevents graft-versus-host disease —
our estimate of a 10% reduction in 5-year mortality could used to plan such a study. If one
were to study the effect of, say, a population intervention that dictated an instantaneous shift
in body-mass-index (BMI) category, then g-formula results would not estimate the effect we
could observe in any clinical trial.3°

Correct model specification

Summary,

The parametric g-formula is especially vulnerable to the assumption of correct model
specification, due to the use of multiple models. As an example from our study, if the true
effect of wait time to transplant had a quadratic association with exposure and a cubic
association with mortality, then we would have misspecified two models and would likely
have introduced bias into the hazard ratio. Our g-formula algorithm allows informal
checking of this assumption by comparing the observed data to the data simulated under the
natural course (e.g. Figures 3 and 4). Nonetheless, similarity to the natural course cannot
completely rule out model misspecification.18 The g-formula may not be ideal for
hypothesisgenerating studies, in which causal relationships are more uncertain and model
misspecification is potentially severe.

recommendations and conclusions

The g-formula does not require more information than standard methods to estimate effects
of exposures or interventions, and its is not subject to bias due to stratifying on variables
affected by exposure. The g-formula does not assume that the hazard ratio is homogenous
over the levels of the confounders — that is, we are not restricted to estimating a summary
hazard ratio that conditions on the covariates. Unlike methods that use stratification of the
data by covariates, and then obtain a summary hazard ratio under the assumption of a
constant hazard ratio over levels of the confounder, the g-formula permits us to obtain a
summary hazard ratio without stratifying the effect measure over covariates. This relaxed
assumption comes at the cost of wider confidence intervals, so there is a bias-variance trade-
off to consider when deciding if the g-formula is an appropriate statistical tool for an
epidemiologic analysis. If one knows that time-varying confounding is not present, or that
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exposure could not affect subsequent confounders, then standard regression methods may be
more appropriate, due mainly to concerns about model misspecification in the g-formula.
However, if time-varying confounding is possible, use of the g-formula provides some
assurance that one is not introducing bias by inappropriately stratifying on effects of
exposure, and it is useful to check results from standard regression models against those
from the g-formula, as we have shown.

We could have estimated the hazard ratio for the marginal effect of graft-versus-host disease
on mortality using inverse-probability weighted marginal structural models or adaptations of
structural nested models.36-38 |n principle, these models would yield similar effect estimates
as our method, although our small data set would likely result in practical violations of
additional assumptions necessary for inverse-probability-weighting methods,3° and, without
knowledge about the baseline hazard of potential outcomes, structural nested models may
yield larger confidence intervals.*0 These methods may be more desirable when model
misspecification is a primary concern, because they require fewer models than the g-
formula.18

Though the g-formula was first described in 1986 by Robins,8 the availability of rich data
from large cohort studies and the acceleration of computing speeds have only recently made
the method feasible for widespread use. While the g-formula may be more sensitive to
model misspecification than standard regression models, we show how inappropriate control
of time-varying confounding could lead to incorrect conclusions about the strength of the
effect of graft-versus-host disease on mortality. Moreover, we illustrate how the g-formula
allows estimation of the effects of realistic interventions and give concrete examples of
situations in which the g-formula should be used by epidemiologists. We have provided both
publicly available data and the SAS code as appendices to this paper. The current analysis
represents the first published use of the g-formula for a time-varying exposure that can be
easily replicated by other investigators using a real-world example. Future implementations
of the g-formula can extend our example easily to an array of epidemiologic problems and
further explore the impacts on inference from unmeasured confounding and model
misspecification.

Supplementary Material

Refer to Web version on PubMed Central for supplementary material.

References

1. Sullivan K, Weiden P, Storb R, Witherspoon R, Fefer A, Fisher L, Buckner C, Anasetti C,
Appelbaum F, Badger C. Influence of acute and chronic graft-versus-host disease on relapse and
survival after bone marrow transplantation from HLA-identical siblings as treatment of acute and
chronic leukemia. Blood. 1989; 73:1720-1728. published erratum appears in Blood 1989 Aug 15;
74 (3): 1180. [PubMed: 2653460]

2. Horowitz MM, Gale RP, Sondel PM, Goldman JM, Kersey J, Kolb HJ, Rimm AA, Ringdén O,
Rozman C, Speck B. Graft-versus-leukemia reactions after bone marrow transplantation. Blood.
1990; 75:555-562. [PubMed: 2297567]

Epidemiology. Author manuscript; available in PMC 2015 January 29.



1duosnue Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Keil et al.

11.

12.

13.

15.

16.

Page 12

. Robins, JM.; Wasserman, L. Estimation of effects of sequential treatments by reparameterizing

directed acyclic graphs. Proceedings of the Thirteenth Conference on Uncertainty in Artificial
Intelligence; 1997. p. 409-420.

. Keiding N, Filiberti M, Esbjerg S, Robins JM, Jacobsen N. The graft versus leukemia effect after

bone marrow transplantation: A case study using structural nested failure time models. Biometrics.
1999; 55:23-28. [PubMed: 11318159]

. Herndn, MA_; Robins, JM. Causal Inference. Boca Raton, FL: Chapman & Hall/CRC; 2013.
. Rosenbaum PR. The consquences of adjustment for a concomitant variable that has been affected by

the treatment. J R Stat Soc Ser A-G. 1984; 147:656-666.

. Weinberg CR. Toward a clearer definition of confounding. Am J Epidemiol. 1993; 137:1- 8.

[PubMed: 8434568]

. Robins JM. A new approach to causal inference in mortality studies with a sustained exposure

period--application to control of the healthy worker survivor effect. Math Mod. 1986; 7:1393-1512.

. Herndn MA, Robins JM. Estimating causal effects from epidemiological data. J Epidemiol Commun

H. 2006; 60:578-586.

10. Robins JM. A graphical approach to the identification and estimation of causal parameters in

mortality studies with sustained exposure periods. J Chron Dis. 1987; 40:139S- 161S. [PubMed:
3667861]

Ahern J, Hubbard A, Galea S. Estimating the effects of potential public health interventions on
population disease burden: a step-by-step illustration of causal inference methods. Am J
Epidemiol. 2009; 169:1140-1147. [PubMed: 19270051]

Taubman SL, Robins JM, Mittleman MA, Hernan MA. Intervening on risk factors for coronary
heart disease: an application of the parametric g-formula. Int J Epidemiol. 2009; 38:1599-1611.
[PubMed: 19389875]

Young JG, Cain LE, Robins JM, O’Reilly EJ, Herndn MA. Comparative effectiveness of dynamic
treatment regimes: an application of the parametric g-formula. Stat Biosci. 2011; 3:119-143.
[PubMed: 24039638]

14. Westreich D, Cole SR, Young JG, Palella F, Tien PC, Kingsley L, Gange SJ, Hernan MA. The

parametric g-formula to estimate the effect of highly active antiretroviral therapy on incident
AIDS or death. Stat Med. 2012; 31:2000-2009. [PubMed: 22495733]

Cole SR, Richardson DB, Chu H, Naimi Al. Analysis of Occupational Asbestos Exposure and
Lung Cancer Mortality Using the G Formula. Am J Epidemiol. 2013; 177:989- 996. [PubMed:
23558355]

Danaei G, Pan A, Hu FB, Hernan MA. Hypothetical midlife interventions in women and risk of
type 2 diabetes. Epidemiology. 2013; 24:122-128. [PubMed: 23222556]

17. Garcia-Aymerich J, Varraso R, Danaei G, Camargo CA Jr, Hernan MA. Incidence of adult-onset

asthma after hypothetical interventions on body mass index and physical activity: an application of
the parametric g-formula. Am J Epidemiol. 2014; 179:20-6. [PubMed: 24107616]

18. Robins, JM.; Hernan, MA.; Siebert, U. Comparative Quantification of Health Risks: The Global

and Regional Burden of Disease Attributable to Major Risk Factors. Geneva: World Health
Organization; 2004. Effects of multiple interventions.

19. Copelan EA, Biggs JC, Thompson JM, Crilley P, Szer J, Klein JP, Kapoor N, Avalos BR,

Cunningham I, Atkinson K. Treatment for acute myelocytic leukemia with allogeneic bone
marrow transplantation following preparation with BuCy2. Blood. 1991; 78:838-843. [PubMed:
1859895]

20. Klein, JP.; Moeschberger, ML. Survival Analysis: Techniques for Censored and Truncated Data. 2.

New York: Springer; 2003. Examples of Survival Data; p. 1-21.

21. D’Agostino RB, Lee ML, Belanger AJ, Cupples LA, Anderson K, Kannel WB. Relation of pooled

logistic regression to time dependent Cox regression analysis: the Framingham Heart Study. Stat
Med. 1990; 9:1501-15. [PubMed: 2281238]

22. Therneau, TM.; Grambsch, PM. Modeling survival data: extending the Cox model. New York:

Springer; 2000.

23. Schisterman EF, Cole SR, Platt RW. Overadjustment bias and unnecessary adjustment in

epidemiologic studies. Epidemiology. 2009; 20:488-95. [PubMed: 19525685]

Epidemiology. Author manuscript; available in PMC 2015 January 29.



1duosnuen Joyiny 1duosnue Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Keil et al.

24.

25.
26.

27.

28.

29.

30.

31.

32.

33.

34.

35.

36.

37.

38.

39.

40.

Page 13

Cole SR, Hernan MA. Fallibility in estimating direct effects. Int J Epidemiol. 2002; 31:163-5.
[PubMed: 11914314]

Hernan MA. The hazards of hazard ratios. Epidemiology. 2010; 21:13-15. [PubMed: 20010207]
Greenland S. Absence of confounding does not correspond to collapsibility of the rate ratio or rate
difference. Epidemiology. 1996; 7:498-501. [PubMed: 8862980]

Cole SR, Herndn MA, Robins JM, Anastos K, Chmiel JS, Detels R, Ervin C, Feldman J, Greenblatt
RM, Kingsley L, et al. Effect of highly active antiretroviral therapy on time to acquired
immunodeficiency syndrome or death using marginal structural models. Am J Epidemiol. 2003;
158:687-694. [PubMed: 14507605]

Hernan MA, Cole SR, Margolick J, Cohen M, Robins JM. Structural accelerated failure time
models for survival analysis in studies with time-varying treatments. Pharmacoepidem Dr S. 2005;
14:477-491.

Cole SR, Herndn MA. Constructing inverse probability weights for marginal structural models.
Am J Epidemiol. 2008; 168:656—64. [PubMed: 18682488]

Daniel RM, Cousens SN, De Stavola BL, Kenward MG, Sterne JAC. Methods for dealing with
time-dependent confounding. Stat Med. 2013; 32:1584-618. [PubMed: 23208861]

Robins, JM. Marginal structural models versus structural nested models as tools for causal
inference. Statistical Models in Epidemiology: The Environment and Clinical Trials. In: Halloran,
MS.; Berry, D., editors. The Environment and Clinical Trials. Vol. 116. IMA; 1999. p. 95-134.
Lash, TL.; Fox, MP.; Fink, AK. Applying quantitative bias analysis to epidemiologic data. New
York: Springer Verlag; 2009.

Cole SR, Frangakis CE. The consistency statement in causal inference: a definition or an
assumption? Epidemiology. 2009; 20:3-5. [PubMed: 19234395]

Hernan MA, VanderWeele TJ. Compound treatments and transportability of causal inference.
Epidemiology. 2011; 22:368-377. [PubMed: 21399502]

Hernan MA, Taubman SL. Does obesity shorten life? The importance of well-defined interventions
to answer causal questions. Int J Obes (Lond). 2008; 32(Suppl 3):S8-14. [PubMed: 18695657]
Robins, JM. The analysis of randomized and non-randomized AIDS treatment trials using a new
approach to causal inference in longitudinal studies. In: Sechrest, L.; Freeman, H.; Mulley, A.,
editors. Health service research methodology: a focus on AIDS. 1989. p. 113-159.Health service
research methodology: a focus on AIDS

Robins JM, Tsiatis AA. Semiparametric estimation of an accelerated failure time model with time-
dependent covariates. Biometrika. 1992; 79:311-319.

Robins JM, Hernan MA, Brumback BA. Marginal structural models and causal inference in
epidemiology. Epidemiology. 2000; 11:550-560. [PubMed: 10955408]

Westreich D, Cole SR. Invited commentary: positivity in practice. Am J Epidemiol. 2010;
171:674-677. [PubMed: 20139125]

Joffe MM, Yang WP, Feldman H. G-estimation and artificial censoring: problems, challenges, and
applications. Biometrics. 2012; 68:275-286. [PubMed: 21950320]

Epidemiology. Author manuscript; available in PMC 2015 January 29.



1duosnue Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Keil et al. Page 14

—

GvHDj,_1—> Relapse. —> Death;.

G’UHDk

Directed acyclic graph showing hypothesized causal relationships among study variables for
days k — 1 and k. This graph demonstrates bias in regression stratification methods in
estimating the effect of exposure over time (GvHDy-1, GvHDy) on subsequent death when
time-varying factors on confounding pathways (Relapsey) may be affected by prior
exposure.
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Step 1: Model conditional probabilities in observed data
Using a person-period data set (108714 person-days):

A) Model: Pr(platelety = 1|GuH Dy_1, platelety_1,relapse_1,baseline variables, deathr_, = censoredx_; = 0)
B) Model: Pr(relapsey = 1|GvH Di_1,platelety, relapsex_1, baseline variables, deathy_, = censoredy_1 = 0)
D) Model: Pr(censoredy = 1|GuH Dy, platelety, relapsei, baseline variables, deathy_, = censoredy_; = 0)

E) Model: Pr(deathy = 1|GvH Dy, platelety, relapsex, baseline variables, deathy_; = censoredy = 0)

Step 2: Generate time-varying exposures, covariates, and outcomes in Monte Carlo sample
Sample with replacement N=137,000 “pseudo-patients” from baseline data only to simulate follow-up from baseline variables

and conditional probabilities and set GuH Dy = 0, platelety = 0, relapsey =0

For “pseudo-patient” 7 = 1,2...,137000; Day k = 1,2, ..., day of death or censoring

Using conditional probabilities from step 1:
F) Generate platelet using Pr(platelety = 1|GvH Dy_1, platelety_1,relapsey—_1, baseline variables, deathy_1 = censoredy_1 = 0)
G) Generate relapsey, using Pr(relapser, = 1|GuvH Dy._1, platelety, relapsey—_1, baseline variables, deathy—1 = censoredy—; = 0)
H) Generate GvH Dy, using Pr(GvH Dy, = 1|GvH Dj._1, platelety, relapse, baseline variables, deathy_; = censoredj,_1 = 0)

If intervening, set GuHD) = 1 (Always exposed) or GvH D;, = 0 (Never exposed)
I) Generate Pr(censoredy, = 1|GuH Dy, platelety, relapsex, baseline variables, deathy_1 = censoredi_1 = 0)

If intervening, set censoredy = 0 (Never lost to follow-up)
J) Using Pr(deathy, = 1|GvH Dy, platelety, relapsey, baseline variables, deathy_1 = censoredy = 0):

If dﬂﬂthk =0

Generate and not censoring time, go to day k+1, repeat F-J

deathy, If death 1= 1 or censoring time, go to “pseudo-patient” i + 1.
If end of data set, go to step 3

Step 3: Estimate effect measure
Concatenate data sets from 2 interventions from step 2 (e.g. natural course, always exposed, never exposed)
Fit statistical model to Monte Carlo data to compare outcome proportions/rates between 2 data sets

Figure2.
Parametric g-formula algorithm for bone marrow transplant data.
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Figure 3.
Incidence curves for (A.) death. (B.) return to normal platelet levels, (C.) relapse and (D.)

graft-versus-host-disease (GvHD) from both observed (gray line) and g-formula natural
course Monte Carlo (black line) data.
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Figure4.
Survival functions: observed from the bone marrow transplant data; from the natural-course

intervention in the g-formula; and from the hypothetical intervention “prevented” graft-
versus-host disease (top line) after bone marrow transplants using the g-formula. The gray
line indicates the observed survival curve, while the solid black lines indicate the survival
curves from the Monte Carlo data for the g-formula interventions.
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Estimating risk under interventions using the g-formula with the hypothetical example given in methods

Table 1

section of the main text.

G-formula component

Value

Conditional probabilities

First 5years

Last 5years

Risk under interventions
Observed/Natural course

Always exposed

Never exposed

PR(exposed): 0.5

Risk among exposed: 0.025
Risk among unexposed: 0.025
Pr(exposed): 0.5

Risk among exposed: 0.060

Risk among unexposed: 0.051

0.051*(1/2)*(1-0.025*(1/2)) + 0.025%(1/2) +
0.060*(1/2)*(1-0.025*(1/2)) + 0.025%(L/2) = 0.080
0.051*(0)*(1-0.025*(0)) + 0.025%(0) +
0.060%(1)*(1-0.025%(1)) + 0.025%(1) = 0.084
0.051*(1)*(1-0.025%(1)) + 0.025%(1) +
0.060*(0)*(1-0.025%(0)) + 0.025%(0) = 0.075

Exposeif survivetoyear 5 0.051%(0)*(1-0.025*(0)) + 0.025*(1/2) +

0.060*(1)*(1-0.025%(1)) + 0.025%(L/2) = 0.084
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Characteristics® of 137 patients receiving bone marrow transplants during treatment for leukemia at 4 study

sites between 1985 and 1989.

Sex Male
Female
GvHD onset within 5 years No
Yes
Relapse within 5years No
Yes
Return to normal platelet count within 5years  No
Yes
Leukemiatype ALL
Low-risk AML
High-risk AML
CMV status at baseline Negative
Positive
Vital status 5 years after transplant Alive or censored
Dead

Age (years); median (IQR)

Days to transplant; median (IQR)
Follow up; median (IQR)

Days to relapse; median (IQR)

Days to normal platelets; median (IQR)

80
57
65
72
94
43
17
120
38
54
45
69
68
57
80
28

547
467
18

(58)

(42)

(47)

(53)

(69)

(31)

(12)

(88)

(28)

(39)

(33)

(50)

(50)

(42)

(58)
(21-35)
(4-8)
(183-1377)
(122-1363)
(14-27)

aNo. (%), unless otherwise specified

ALL indicates acute lymphocyte leukemia; AML, acute myeloid leukemia; IQR, interquartile range
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Table 3

Hazard ratios comparing the hazard of all-cause mortality between patients with and without graft-versus-host
disease (regression) or comparing cohorts with and without hypothetical intervention to prevent graft-versus-
host disease (g-formula)

Method HR (95% ClI)

Regression
Crude 1.2 (0.77-2.0)
Baseline adjusted @ 1.2 (0.71-1.9)

Fullyadjustedb 23 (1439
G-formula

Natural course vs. Prevent¢ 1.1 (0.91-1.3)

a . L o . ] .
Baseline covariates include age at date of bone marrow transplant, wait time until transplant, sex, and cytomegalovirus status at baseline.

Adjusted for baseline covariates above and time-varying covariates, including days during which platelets had not returned to normal, cumulative
days the patient had not experienced relapse, and indicators for relapse and platelets returning to normal on a given day.

Comparing the hazard of all-cause mortality between the entire cohort simulated under no intervention and the entire cohort of simulated to be
unexposed (referent) at all time points.
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