1duosnuey Joyiny 1duosnuen Joyiny 1duosnuey Joyiny

1duosnuey Joyiny

Author manuscript
Epidemiology. Author manuscript; available in PMC 2018 October 17.

-, HHS Public Access
«

Published in final edited form as:
Epidemiology. 2015 January ; 26(1): 112-118. doi:10.1097/EDE.0000000000000188.

Time at Risk and Intention-to-treat Analyses:

Parallels and Implications for Inference

Sunni L. Mumford?, Enrique F. Schisterman?, Stephen R. ColeP, Daniel Westreich®, and
Robert W. Platt®

agpidemiology Branch, Division of Intramural Population Health Research, Eunice Kennedy
Shriver National Institute of Child Health and Human Development, Bethesda, MD;

bDepartment of Epidemiology, University of North Carolina Gillings School of Global Public
Health, Chapel Hill, NC;

¢Department of Epidemiology, Biostatistics, and Occupational Health, McGill University, Montreal,
Quebec, Canada.

Abstract

Although the standard recommendation is to exclude person-time not at risk (ie, time during which
the outcome could not have occurred) from the denominators of disease rates, there are scenarios
where person-time not at risk should be included. In particular, we draw an analogy between
including person-time not at risk and intention-to-treat (ITT) analyses of randomized trials, and
excluding person-time not at risk and compliance-corrected analysis of these same trials.
Excluding person-time not at risk is appropriate when addressing questions of the biologic or
mechanistic effects of an exposure, whereas the ITT-type approach typically addresses questions
regarding the effect of an exposure under observed compliance patterns. The choice of approach
directly affects the causal question being addressed and subsequent inference, with potential
implications for public health. When interested in estimating treatment effects that allow and
account for potential noncompliance, or where the exposure may be associated with the time at
risk, we argue that person-time not at risk should be included. In the case of time to pregnancy,
although the ITT-type analysis may underestimate the biological fecundity of the population, it
may also yield an answer to a question that is of more interest to couples trying to become
pregnant.

Exposure misclassification is common in epidemiologic data. In randomized trials, treatment
noncompliance may be viewed as a type of exposure misclassification. However, this type of
misclassification is often ignored in the randomized trial setting under the rationale of an
intention-to-treat (ITT) analysis. An ITT approach estimates the causal effect of the assigned
treatment plan, regardless of compliance with the component(s) of the assigned plan.:2 In
this way, the ITT analysis answers questions regarding effectiveness of treatment under
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realistic scenarios that include noncompliers and cross-overs, and yet is a biased estimate of
the biologic effect of exposure to the extent that there is noncompliance.

The portability of this ITT/effectiveness estimate depends on the assumption that the
noncompliance in the target population will be the same as seen in the trial population.3
Thus, the ITT approach, while yielding a biased estimate of the biologic exposure effect,
may come closer to estimating effects relevant in practice.* However, exclusion of noncom-
pliant individuals means that we are no longer studying treatment assignment per se, and
accounting/adjusting for any post-treatment variables (eg, compliance) may lead to bias of
the ITT effect.>6 On the other hand, appropriate compliance-corrected approaches can be
used to estimate the biological effect for would-be compliers? (ie, the complier-average
causal effect) under additional and untestable assumptions using the principal stratification
framework’-8 or g-methods.%-11

In an analogous fashion, it is important to consider how potential misclassification of the
time at risk is handled in observational studies, as there are direct consequences on the
questions that can be answered. Because it is acknowledged that a person must be at risk of
the outcome for an exposure to have an effect, person-time when the outcome could not have
occurred is generally excluded from the denominator of rates (or the risk set for hazards) to
obtain unbiased effect estimates.12 This person-time is commonly thought of as “immortal
person-time” when this time not at risk occurs before study entry, and failure to account for
person-time not at risk leads to bias that may be either toward or away from the null 12-15
The direction of bias depends on whether the person-time not at risk is differential with
respect to exposure, and what effect measure is of interest. The approach of excluding
person-time not at risk is typically aimed at estimating the biologic or mechanistic effects of
exposure, though other effects more relevant in practice may be of more interest.

The potential for this “immortal time bias” is not only theoretical, but also has been
observed in practice. In fact, issues of accounting for person-time not at risk and the
potential for immortal time bias have received considerable attention in the recent literature,
as it has been observed that erroneous findings have been published owing to improper
accounting for person-time not at risk.14-22 Specifically, it was reported that sun exposure
was associated with longevity,17 a finding that was later attributed to immortal time bias.
18-20 Thjs bias has also been observed in the pharmacoepidemiology literature, most
recently in the evaluation of statin use and progression of diabetes.1® These issues are not
specific to a single substantive area of epidemiology (or the field of epidemiology itself),
and recent errors highlight the need to carefully evaluate time at risk in epidemiologic
analyses.

In each of the recent examples, the general recommendation to always exclude person-time
not at risk has been maintained.23 However, we argue that there are cases when the exposure
is associated with being at risk, where exclusion may lead to bias, and that it may be
advantageous to include person-time not at risk. In deciding whether to include or exclude
person-time not at risk one must consider not only the question of interest but the underlying
causal structure, as well. In these ways, the inclusion or exclusion of persontime not at risk
can be thought of analogous to the ITT versus compliance-corrected analytic approaches to
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randomized trials. We consider the example of estimation of time to pregnancy below and
argue that person-time not at risk should be included in effect estimation for a key question
of most interest to couples trying to become pregnant.

TIME-TO-PREGNANCY APPLICATION

To illustrate these concepts, we consider estimation of time to pregnancy, the time it takes
for a couple to conceive (or the number of noncontracepting menstrual cycles to
conception). Time to pregnancy is often used to estimate a couple’s fecundability,2°26 or the
probability of conception per menstrual cycle for a sexually active couple not using
contraception.2’” Time to pregnancy is of particular interest to couples planning pregnancy
and to reproductive epidemiologists studying factors associated with fecundity.

To assess potential lifestyle, behavioral, or environmental impacts on time to pregnancy;,
epidemiologists typically limit evaluation to women “at risk” for pregnancy; this approach
was employed by Baird and Wilcox.28 Specifically, investigators typically argue that
analysis should be limited to menstrual cycles at risk of pregnancy (ie, menstrual cycles
where sexual intercourse occurred during the fertile window with no use of any
contraception), and that including cycles not at risk would bias estimates of time to
pregnancy, as well as associations with exposures of interest. When using only cycles at risk
(that is, under “full compliance™), a study of time to pregnancy estimates the average
number of cycles it takes a couple to become pregnant, which can be interpreted as an
estimate of biologic fecundity. By excluding any menstrual cycle in which a couple did not
have intercourse during the fertile window (and were thus “noncompliant,” and therefore
immune/immortal to pregnancy, in the sense of being structurally not at risk of pregnancy),
we are implicitly seeking to address the more biological hypothesis regarding a couple’s
underlying fecundity.

However, suppose we chose to include the not-at-risk cycles: for example, cycles in which a
couple does not have unprotected sex during a fertile period. In this case, we are estimating
the number of cycles it takes a couple to become pregnant, with the understanding that
during some cycles the couple may not be “actively trying” to conceive and thus are immune
to pregnancy. This parameter may be of more interest to couples who are trying to become
pregnant, especially those who are not timing intercourse. Therefore the choice to include or
exclude cycles not at risk (that is, immortal persontime) depends strongly on the effect
measure (or parameter) of interest. Of course, in reality, defining at-risk cycles depends on
our ability to accurately define the fertile window, and to assess a couple’s intercourse
behavior during that time. Thus, imperfect assessment of cycles at risk impacts our ability to
answer questions regarding a couple’s underlying biologic fecundity.

These issues have also been explored in the statistical literature. Using a simple modeling
approach, Zhou and Weinberg have formalized fecundability as the probability of
conception, Y; for a given couple 7in menstrual cycle as:
P(Y. = 1‘ X A..
i i

ijk) = ij

1 1'[(1 )xijk]
- -p..
3 k
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where Xjj is an indicator for intercourse on day &, with & centered on the day of ovulation,
where Aj;is an indicator representing whether the cycle was “viable” or at risk.27 Using this
modeling approach, any cycle that is not at risk is not included in the estimation of
fecundability (in line with the exclusion of person-time not at risk). However, the original
model of fecundability developed by Barrett and Marshall did not include Aj;, and thus
ignored whether cycles were “at risk,” and follows what we have been describing as an ITT-
type of approach for modeling fecundability.2®

TIME-TO-PREGNANCY EXAMPLE

To illustrate this phenomenon, we used data from a study of the effects of smoking on time
to pregnancy among 678 pregnant women who were interviewed to determine the time it
took them to become pregnant.28:30 Our goal was to show potential impacts of including and
excluding person-time not at risk on time-to-pregnancy estimation. In the original analysis
of these data,28:30 the authors excluded cycles in which women reported sexual abstinence
owing to travel, sickness, or other reasons; cycles with sporadic use of birth control were
counted as half cycles. However, detailed information regarding intercourse patterns was not
available in this study, and so we were not able tofurther refine and determine at-risk status
for all cycles. Therefore, we simulated the immortal cycles using six probability
distributions to set approximately 15% of cycles to be not at risk across the total number of
cycles it took couples to become pregnant (Table 1). This estimate is based on prior reports
from this study that showed that 9% of women had at least one cycle excluded for the
reasons listed above, and 11% of women reported sporadic use of birth control for two or
more cycles.28:30 Probability distributions were chosen to cover scenarios where cycles not
at risk were evenly distributed (using a uniform distribution of not-at-risk cycles), more
likely to occur at the beginning of follow-up (such as situations where study participants
were not familiar with the protocol, or did not have knowledge regarding the fertile window)
(using a Poisson or exponential distribution), and more likely to occur later on in situations
where couples become tired of “trying” consistently (using a growth curve model as
described in the eAppendix, http://links.lww.com/EDE/A836). Couples who were
administratively censored at 13 menstrual cycles in the original study were not included in
this analysis. Kaplan-Meier curves (with number of menstrual cycles as the time scale) were
plotted for both the original data (including the appended immortal person-time), and the
data that excluded the cycles not at risk (Figure 1). In the latter case, active cycles were
counted consecutively: for example, if a subject was at risk for cycles 1-5, absent for 6, and
present for 7-13, then cycles 7-13 would be “left-justified” and counted as cycles 6-12.
This approach is an approximation that is appropriate under a constant hazard of pregnancy.
We also estimated the hazard ratios (HRs) for the association between smoking and time to
preghancy, and compared estimates between the original data, with person-time excluded
using the six different probability distributions, with person-time excluded for smokers only,
and with person-time excluded for nonsmokers only. Further details are included in the
eAppendix (http://links.lww.com/EDE/A836).

As expected, when cycles not at risk were excluded, the average time to pregnancy was
shorter (Figure 1). For example, when excluded cycles followed a uniform distribution, 62%
of women were pregnant after the second cycle (median time to pregnancy = 2) when
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including the cycles not at risk, compared with 70% of women when excluding the cycles
not at risk (median time to pregnancy = 2). In other words, for couples in the general
population with the same behavioral patterns as our cohort, the estimated percentage of
women who are pregnant by the second cycle is 62%, though the true biological
fecundability by the second cycle is 70%. To evaluate the effect of time not at risk on time to
pregnancy, we estimated the HR for time to pregnancy comparing exclusion of time not at
risk with inclusion of time not at risk. We observed an HR of 1.24 (95% confidence interval
[CI] = 1.10-1.40), which indicates that the biological effect resulted in a time to pregnancy
that was 25% shorter than the time to pregnancy for the public health effect after removal of
only 15% cycles not at risk. Similar results were observed for all probability distribution
assumptions for excluding person-time: in short, excluding the not-at-risk cycles has the
effect of shifting the time-to- pregnancy distribution to the left. For couples who reported
three menstrual cycles to become pregnant, the effect of excluding any not-at-risk cycles
yields the true number of at-risk menstrual cycles it took them to become pregnant, which
would be between 1 and 3. Though this analysis is based on several assumptions, this
example illustrates that the estimated time to pregnancy depends on how not-at-risk cycles
are handled.

We further evaluated the impact of excluding not-at-risk cycles when assessing the impact of
smoking status on time to pregnancy (Table 2). In the data with the added cycles not at risk,
the overall HR for the effect of smoking on time to pregnancy was 0.72 (95% CI = 0.58-
0.90). Thus, including person-time not at risk here addresses what may be considered the
more relevant public health question of the effect of smoking on time to pregnancy; that is,
to estimate how long it would take a couple to achieve pregnancy under normal daily
circumstances when some of cycles the couple may not be “actively trying” to conceive.
When not-at-risk cycles were excluded, this association was attenuated, and estimates were
less precise. Estimates of the HR ranged between 0.79 and 0.81 depending on how the not-
at-risk cycles were generated, though the association was no longer always statistically
significant, as there was a loss in power owing to excluding the cycles not at risk. Excluding
these cycles not at risk seeks to address the more biological hypotheses regarding the effect
of smoking on a couple’s underlying fecundity. The choice of distribution for excluding
cycles not at risk had little impact on the results overall. Although these illustrations are
contrived, they are meant to demonstrate that even modest amounts of time not at risk can
have sizable impacts on epidemiologic results.

Furthermore, one must also consider the underlying causal structure. Here we were
interested in the effect of smoking on time to pregnancy, though these issues are gen-
eralizable to any exposure of interest. If the time at risk is a function of acute exposure (eg,
if smoking is associated with probability of intercourse during the fertile window), and there
exists an unmeasured factor that is associated with being at risk and the outcome, then
stratifying by exclusion on time at risk may lead to collider stratification bias (Figure 2A).
Removing cycles that are not at risk, and therefore stratifying on being at risk (analogous to
the bias induced by proportional hazards models),3%:31 could also be a source of collider-
stratification bias. In our data example, we differentially excluded not-at-risk cycles for
smokers and nonsmokers to simulate the scenario of an unmeasured factor that resulted in
the removal of more cycles for smokers than nonsmokers (and vice versa). If person-time
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not at risk was excluded only for the smokers in this study (ie, differential, as shown in DAG
1), then the HRs became null. However, when not-at-risk person-time was excluded only for
nonsmokers, the association between smoking and time to pregnancy was strengthened (HRs
of 0.60-0.70). We observed that this differential exclusion of time not at risk had a strong
effect on estimates and accompanying inference. In the analogous clinical trial setting, the
ITT approach would be unbiased regardless of whether or not treatment assignment is
associated with compliance when addressing the public health effect (Figure 2B). However,
any compliance-adjusted analysis should consider whether or not treatment assignment is
associated with compliance and employ methods that provide consistent estimators of the
parameter of interest to avoid bias.

DISCUSSION

A standard recommendation is to exclude person-time not at risk for the outcome.23 This
recommendation may be the most appropriate strategy in many settings. For example, in
studies of drug safety, when mechanistic effects of treatment on adverse events are of
primary interest, exclusion of person-time not at risk is usually warranted.13.14 However,
there are settings, such as when studying the effect of exposures on time to pregnancy, where
inclusion of person-time not at risk is an appropriate choice for estimation of the effect of
interest, particularly in cases where the exposure of interest may be associated with being at
risk. Exclusion of persontime not at risk and the ITT approach both inherently deal with
issues of noncompliance or misclassification, though with compliance to different time
scales: the time at risk and the time exposed. Though the ITT and person-time not-at-risk
scenarios have an important difference in that the ITT is based on randomization, the
question of how to deal with this mis- classification or noncompliance (whether for at-risk
periods, or for time not exposed) is a critical issue in both situations because these issues
affect interpretation of research findings and questions that are addressed. Excluding not-at-
risk person-time addresses questions regarding biologic effects of an exposure, whereas the
ITT-like approach of including the not-at-risk person-time addresses questions regarding
effects of an exposure under the compliance observed. The effect of interest should thus be
clearly stated; the appropriate design and analytic approach should follow accordingly and
take the question of interest— and therefore the underlying causal structure— into account.
We expect that in many cases estimates of both parameters will be desirable.

In the time-to-pregnancy example, including not-at-risk cycles (similar to the ITT-type
approach) would provide an unbiased estimate of the population average time to pregnancy
under the compliance observed (or the average number of cycles it takes a couple that
behaves like the couples in our study to become pregnant). This is an underestimation of the
biological fecundity of the population to the extent that there are cycles where the couples
cannot conceive. We would expect the average time to pregnancy to differ across populations
with different compliance if the not-at-risk person-time were not excluded, but to be more
similar when not-at-risk person-time is excluded (although of course other differences, such
as age distributions, coitus frequency, etc., will lead to heterogeneity across populations).
Differences in the latter case are more likely owing to differences in biological fecundity.
Practical considerations also come into play, as in many cases it may be difficult to
accurately classify at-risk and nonat-risk periods. For example, in the case of determining at-
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risk menstrual cycles it is necessary to have daily information on intercourse to appropriately
classify cycles with intercourse during the fertile window as the only at-risk cycles. Though
such data are available in some studies, it is not always feasible to collect, or of the highest
quality. Thus, even when attempting to exclude cycles that are not at risk, it may be difficult
to reliably capture this information. Investigators are encouraged to use all of the available
data to classify this person-time to the best extent possible, with appropriate sensitivity
analyses to assess potential misclassification. Though we may not be able to answer
questions regarding a couple’s biologic fecundity well, this may not be the question of
central interest to couples. As previously stated, what may be of most interest to couples
trying to become pregnant is the average number of months, including potential cycles not at
risk, it will take them to conceive. To estimate this parameter, notat-risk person-time m ust
be included, which goes against the standard recommended analytic approach.22 It is
important to note that in the example of time to pregnancy we have focused our attention on
the aspect of classification of time at risk, and recognize that the different study designs used
for time-to-pregnancy studies have critical impacts on inference and that studies are
complicated by nuances that are not addressed in this example.32:33

As pointed out, one must consider the underlying causal structure. We observed that when
an exposure was associated with being at risk, removing cycles not at risk can lead to
collider stratification bias. Here we limited our discussion of “cycles at risk” to cycles where
intercourse occurred during the fertile window, though some have also considered restricting
to ovulatory cycles. In the example of the effects of smoking on time to pregnancy, it is
plausible that smoking may affect ovulation, and thus restricting to ovulatory cycles would
be akin to adjusting for a mediator, which may also result in collider-stratification bias. Buck
Louis et al3* used a similar rationale for not adjusting for sexual intercourse in their
analyses. These findings underscore the need to evaluate the underlying causal structure
when assessing the impact of excluding time not at risk.

The decision to include or exclude time not at risk generalizes to several other settings. For
example, in studies of effects of ski helmet use on head injuries, researchers often select
head-injury cases and compare to controls with other injuries, to control for factors related to
risk-taking behavior.3%:36 This approach considers only time at risk for an injury (ie, person-
moments in which a fall occurs), and considers all other time (eg, time not on the slopes) as
not at risk, which can (under certain assumptions) be used to estimate the effect of helmet
use on head injury. Alternatively, investigators might include all person-time for helmet
users and non-users and ignore the potential misclassification of time in which helmet users
did not ski, which is analogous to the ITT approach and more closely addresses public
health questions of interest regarding helmet use policies.

Likewise, some studies of HIV transmission focus on HIV-negative individuals in a
committed partnership with an HIV-positive partner (that is, serodiscordant couples),
whereas other studies focus on sexually active HIV-negative individuals with partners of
unknown status. Considering only coital acts unprotected by condoms, all sex acts among
the former couples are at risk, whereas in the latter case only those acts with an HIV-positive
partner are truly at risk of HIV. Because the majority of studies are of the latter form, most
analyses are ITT estimates of effect and may generalize poorly to serodiscordant couples.
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Of note is the considerable body of work evaluating time not-at-risk (or immortal time) and
classification of exposure in the context of inhaled corticosteroid use and chronic obstructive
pulmonary disease in trying to understand differences in results between clinical trials and
observational studies.37:38 How person-time was handled in the design and analysis of these
studies proved critical, as it led to differing recommendations for clinical practice.
Observational studies that employed the conventional ITT approach were considered as
suffering from immortal time bias.36 These results highlight the importance of clearly stating
the question of interest and handling person-time accordingly.

Investigators often have strong feelings regarding either the ITT approach or the exclusion of
person-time not at risk. For example, some investigators are adamantly in favor of the ITT
approach and simultaneously adamantly opposed to the inclusion of not-at-risk person-time;
however, as we have described, these beliefs are in opposition in some cases. We have
shown how these approaches are related, and how the arguments underlying each approach
are parallel, but we do not argue that one approach is superior. The choice of whether to
include or exclude not-at-risk person-time depends primarily on the underlying causal
structure and whether one is interested in the more biologic-related or policy-related
research questions. When interested in estimating treatment effects that allow, and account
for potential misclassification or “noncompliance,” we argue that not-at-risk person-time
should be included (but must be accounted for, perhaps using inverse-probability weights,
where a positivity assumption is crucial). Moreover, in cases where being at risk and the
outcome of interest share common causes, the general approach to exclude this person-time
would be biased. In the case of time to pregnancy, though the ITT analysis may
underestimate the biological fecundity of the population, it yields a more generalizable or
population effect that answers the question of most interest to couples trying to become
pregnant. Indeed, the ITT-like approach, including person-time not at risk, may be preferable
for many questions in population health.

Acknowledgments

Supported by the Intramural Research Program of the NIH, Eunice Kennedy Shriver National Institute of Child
Health and Human Development, and by the Long-Range Research Initiative of the American Chemistry Council.
Robert W. Platt is supported by a National Scholar (Chercheur-national) award from the Fonds de Récherche du
Québec-Santé (FQR-S) and is a member of the Research Institute of the McGill University Health Centre, which
receives core funding from the FQR-S.

REFERENCES

1. Fisher LD, Dixon DO, Herson J, et al. Intention to treat in clinical trials In: Peace KE, ed. Statistical
Issues in Drug Research and Development. New York: Marcel Dekker; 1990:331-350.

2. Gupta SK. Intention-to-treat concept: A review. Perspect Clin Res 2011;2:109-112. [PubMed:
21897887]

3. Hernan MA, VanderWeele TJ. Compound treatments and transportability of causal inference.
Epidemiology. 2011;22:368-367. [PubMed: 21399502]

4. Shrier |, Steele RJ, Verhagen E, Herbert R, Riddell CA, Kaufman JS. Beyond intention to treat:
What is the right question? Clin Trials 2014;11:28-37. [PubMed: 24096636]

5. Lachin JM. Statistical considerations in the intent-to-treat principle. Control Clin Trials
2000;21:167-189. [PubMed: 10822117]

Epidemiology. Author manuscript; available in PMC 2018 October 17.



1duosnuen Joyiny 1duosnuey Joyiny 1duosnuen Joyiny

1duosnuep Joyiny

Mumford et al.

10

11.

12.

13.

14.

15.

16.

17.

18.

19.
20.

21.

22.

23.

24.

25.

26.

27.

28.

29.

Page 9

. Piantadosi S Clinical Trials: A Methodologic Perspective. 2nd ed New Jersey: John Wiley & Sons;

2005.

. Angrist JD, Imbens GW, Rubin DB. Identification of causal effects using instrumental variables.

JASA. 1996;91(434):444-455.

. Frangakis CE, Rubin DB. Addressing complications of intention-to-treat analysis in the combined

presence of all-or-none treatment-noncompli- ance and subsequent missing outcomes. Biometrika.
1999;86(2):365-379.

. Cain LE, Cole SR. Inverse probability-of-censoring weights for the correction of time-varying

noncompliance in the effect of randomized highly active antiretroviral therapy on incident AIDS or
death. Stat Med 2009;28:1725-1738. [PubMed: 19347843]

. Cole SR, Chu H. Effect of acyclovir on herpetic ocular recurrence using a structural nested model.
Contemp Clin Trials 2005;26:300-310. [PubMed: 15911464]

Robins J, Hernan M. Estimation of the causal effects of time-varying exposures In: Fitzmaurice G,
Davidian M, Verbeke G, Molenberghs G, eds. Advances in Longitudinal Data Analysis. Boca
Raton, FL: Chapman & Hall; 2009:553-599.

Rothman KJ, Suissa S. Exclusion of immortal person-time. Pharmacoepidemiol Drug Saf
2008;17:1036. [PubMed: 18816873]

Suissa S Immortal time bias in observational studies of drug effects. Pharmacoepidemiol Drug Saf
2007;16:241-249. [PubMed: 17252614]

Suissa S Immortal time bias in pharmaco-epidemiology. Am J Epidemiol 2008;167:492-499.
[PubMed: 18056625]

Lash TL, Cole SR. Immortal person-time in studies of cancer outcomes. J Clin Oncol
2009;27:e55-e56. [PubMed: 19597013]

Lévesque LE, Hanley JA, Kezouh A, Suissa S. Problem of immortal time bias in cohort studies:
Example using statins for preventing progression of diabetes. BMJ 2010;340:b5087. [PubMed:
20228141]

Brgndum-Jacobsen P, Nordestgaard BG, Nielsen SF, Benn M Skin cancer as a marker of sun
exposure associates with myocardial infarction, hip fracture and death from any cause. IntJ
Epidemiol 2013;42: 1486-1496. [PubMed: 24038635]

Ferrie JE, Ebrahim S. Sun exposure and longevity: A blunder involving immortal time. Int J
Epidemiol 2014;43:639-644. [PubMed: 25050434]

Hanley JA, Foster BJ. Avoiding blunders involving immortal time. Int J Epidemiol 2014;42:1-13.
Lange T, Keiding N. Skin cancer as a marker of sun exposure: A case of serious immortality bias.
Int J Epidemiol 2014;43:971. [PubMed: 24894096]

Wang MC, Brookmeyer R, Jewell NP. Statistical models for prevalent cohort data. Biometrics.
1993;49:1-11. [PubMed: 8513095]

Cole SR, Li R, Anastos K, et al. Accounting for leadtime in cohort studies: evaluating when to
initiate HIV therapies. Stat Med 2004;23:3351-3363. [PubMed: 15493031]

Rothman KJ, Greenland S. cohort Studies in: Rothman KJ, Greenland S, Lash TL, eds. Modern
Epidemiology. 3rd ed Philadelphia: Lippincott, Williams and Williams; 2008:107.

Louis GM, Platt R, eds. Reproductive and Perinatal Epidemiology. New York: Oxford University
Press; 2011.

Weinberg CR, Dunson DB. Some issues in assessing human fertility. JASA. 2000;95(449):300—
303.

Zhou H, Weinberg CR. Potential for bias in estimating human fecundability parameters: A
comparison of statistical models. Stat Med 1999;18:411-422. [PubMed: 10070683]

Baird DD, Wilcox AJ. Cigarette smoking associated with delayed conception. JAMA.
1985;253:2979-2983. [PubMed: 3999259]

Barrett JC, Marshall J. The risk of conception on different days of the menstrual cycle. Popul Stud
(Camb). 1969;23:455-461. [PubMed: 22073960]

Weinberg CR, Gladen BC. The beta-geometric distribution applied to comparative fecundability
studies. Biometrics. 1986;42:547-560. [PubMed: 3567288]

Epidemiology. Author manuscript; available in PMC 2018 October 17.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuep Joyiny

Mumford et al.

30.

31.

32.

33.

34.

35.

36.

37.

38.

Page 10

Flanders WD, Klein M. Properties of 2 counterfactual effect definitions of a point exposure.
Epidemiology. 2007;18:453-460. [PubMed: 17473709]

Hernan MA. The hazards of hazard ratios. Epidemiology. 2010;21:13-15. [PubMed: 20010207]
Basso O, Juul S, Olsen J. Time to pregnancy as a correlate of fecundity: Differential persistence in
trying to become pregnant as a source of bias. Int J Epidemiol 2000;29:856-861. [PubMed:
11034969]

Keiding N, Hansen OH, Sorensen DN, Slama R. The current duration approach to estimating time
to pregnancy (with discussion). Scand J Statis 2012;39:185-213.

Buck Louis GM, Sundaram R, Schisterman EF, et al. Semen quality and time to pregnancy: The
longitudinal investigation of fertility and the environment study. Fertil Steril. 2014;101:453-462.
[PubMed: 24239161]

Hagel BE, Pless IB, Goulet C, Platt RW, Robitaille Y. Effectiveness of helmets in skiers and
snowboarders: Case-control and case crossover study. BMJ. 2005;330:281. [PubMed: 15632094]
Marshall SW. Injury case-control studies using “other injuries” as controls. Epidemiology.
2008;19:277-279. [PubMed: 18277164]

Suissa S Inhaled steroids and mortality in COPD: bias from unaccounted immortal time. Eur
Respir J 2004;23:391-395. [PubMed: 15065827]

Kiri VA, Pride NB, Soriano JB, Vestbo J. Inhaled corticosteroids in chronic obstructive pulmonary
disease: Results from two observational designs free of immortal time bias. Am J Respir Crit Care
Med 2005;172:460-464. [PubMed: 15901610]

Epidemiology. Author manuscript; available in PMC 2018 October 17.



1duosnuepy Joyiny 1duosnuely Joyiny 1duosnuey Joyiny

1duosnuely Joyiny

Mumford et al.

Cumulative Pregnancy

100%

Page 11

90%
80% -
70% -
60% -

50% |

40%

20% -4-Including cycles not at risk

10% - M- Excluding cycles not at risk

0% | | | | T T I
1 2 3 4 5 6 7 8 9 10 11 12
Cycles

FIGURE 1.

Complement of the Kaplan-Meier curves for 586 women followed for 12 months, both
including and excluding not-at-risk cycles, based on a uniform distribution.
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FIGURE 2.
Directed acyclic graphs under the null demonstrating (A) exclusion of not-at-risk person-

time in observational studies (box signifies conditioning on being at risk), and (B) The
intent-to-treat approach. RCT indicates randomized controlled trial; TTP, time-to-pregnancy.
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