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Abstract

Better understanding of biases related to selective prescribing of, and adherence to, preventive
treatments has led to improvements in the design and analysis of pharmacoepidemiologic studies.
One influential development has been the “active comparator, new user” study design, which
seeks to emulate the design of a head-to-head randomized controlled trial. In this review, we first
discuss biases that may affect pharmacoepidemiologic studies and describe their direction and
magnitude in a variety of settings. We then present the historical foundations of the active
comparator, new user study design and explain how this design conceptually mitigates biases
leading to a paradigm shift in pharmacoepidemiology. We offer practical guidance on the
implementation of the study design using administrative databases. Finally, we provide an
empirical example in which the active comparator, new user study design addresses biases that
have previously impeded pharmacoepidemiologic studies.
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Introduction

Over the past 40 years pharmacoepidemiologists have made substantial contributions to
public health by generating evidence regarding the use, benefit and harm of drugs, biologics,
vaccines and medical devices in the population. During this time there have been rapid
methodological advances within the field. In this paper, we review biases that can affect
pharmacoepidemiologic research and one of the most influential methodological
developments used to address these biases: the active comparator, new user (ACNU) study
design. We review the study design's historical foundations, provide practical guidance for
its implementation using administrative databases and examine the study design's benefits
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and limitations in practice using a contemporary example. For brevity throughout the
remainder of the review, we will refer to any drug, biologic, vaccine, medical device, or any
other medical intervention simply as the “treatment.”

Potential for bias in pharmacoepidemiology

Confounding

In routine clinical practice, treatments are administered to patients for a specific reason (i.e.,
the medical indication): to prevent an adverse health outcome from occurring or to treat an
adverse health outcome that has already occurred (and to prevent future occurrences). The
indication for treatment leads to selective prescribing of treatments, and in
pharmacoepidemiologic studies, confounding by indication may arise if the indication for
the treatment is also related to prognosis (the risk of the outcome).(1, 2) Confounding by
indication can be illustrated using a hypothetical study seeking to estimate the effect of beta-
agonists on asthma-related mortality among asthma patients. Asthma patients with severe
disease are more likely than patients with less severe disease to receive beta-agonists and to
die from their asthma. Such confounding would tend to make beta-agonists appear as though
they were associated with asthma mortality.

In general, confounding by indication is likely to be of greatest concern in studies that
compare initiators of treatments to non-initiators. Schneeweiss and colleagues provide
support for this concern(3) in a study evaluating the association between statin use and 1-
year mortality among adults age 65+ years. Through incremental restriction of the study
cohort, the authors demonstrate a large shift in the overall estimate when new statin users
were compared with new users of an unrelated preventive treatment (anti-glaucoma
medication) instead of non-users, indicating a large reduction in bias.

Another type of confounding bias common in pharmacoepidemiologic studies is the healthy
initiator bias.(4-6) This bias can arise through two distinct pathways.(7, 8) The first involves
the selective initiation of preventive treatments among healthy and health-conscious
patients, who through the effects of their healthy lifestyle, are also at decreased risk of a
number of adverse health outcomes. The second involves the selective channeling of
treatments away from frail individuals, who are at an increased risk of adverse outcomes.
Under both scenarios, the healthy initiator bias will lead to spurious associations, where the
beneficial effect of a given drug will be exaggerated.

The healthy initiator bias has been documented in studies of influenza vaccine effectiveness
in older adults and other populations in poor health.(9, 10) Older adults and particularly
those with severe comorbid illness and decreased physiologic reserves are unlikely to
receive influenza vaccination, but are at an increased risk for death. This type of channeling
has led a number of non-experimental studies to report implausibly strong preventive effects
of influenza vaccination on all-cause mortality in the range of a 50% relative risk reduction.
(11-13)
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Selection bias

One common form of selection bias that occurs in pharmacoepidemiologic studies is the
healthy adherer bias,(6, 14-16) which extends the healthy initiator and frailty bias to patients
who adhere to treatment. Individuals who adhere to preventive treatments over prolonged
periods are: 1) more likely to adhere to other healthy behaviors and preventative care and 2)
less likely to have experienced changes in frailty (or underlying health status) compared
with their non-adherent counterparts. One of the most striking examples of the healthy
adherer bias was demonstrated in a meta-analysis evaluating the effect of adherence to
placebo in randomized controlled trials (RCTs).(17) This study reported that patients who
adhered to placebo had substantially reduced mortality compared with patients who were
non-adherent to placebo. As placebo could not plausibly have any effect on mortality, the
observed reduction in mortality can be solely attributable to selection bias.

The impact of: 1) confounding by indication and 2) the healthy user bias (the combination of
the healthy initiator and healthy adherer biases) work in opposite directions. Confounding by
indication distorts drug-outcome associations so that treatment looks “bad” or “harmful”,
while the healthy user bias distorts drug-outcome associations so that treatment looks
“good” or “beneficial.” The relative importance of these biases depends upon the specific
drug-outcome association and population of interest.

A new standard: The active comparator, new user (ACNU) design

The ACNU design has been one of the most influential methodological advances in
pharmacoepidemiology. This study design was developed to avoid many of the biases
mentioned above and is regarded as the standard for pharmacoepidemiology, to be
implemented whenever possible.(18) In brief, the ACNU design emulates the intervention
part of a RCT. Cohorts of new drug users (i.e., individuals newly prescribed an index drug A
and individuals newly prescribed a therapeutic alternative or comparator drug B) are
assembled and followed over time for the health outcome(s) of interest (Figure 1, top panel).
Notably, this design does not compare treatment users or initiators to non-users.

The active comparator (AC) component of the design helps to mitigate bias by restricting
the study to individuals with an indication for treatment and without contraindications,
including frailty, while the new user (NU) component mitigates bias by aligning individuals
at a uniform point in time to start follow-up (i.e., treatment initiation) and ensuring the
correct temporality between covariate and exposure assessment. The foundations of this
study design have evolved over time and we first review a number of the contributions from
the literature.

Historical foundations of the active comparator, new user (ACNU) study

design

Contributions from occupational epidemiology

In occupational epidemiology, the healthy worker bias(19-21) arises through similar
mechanisms as the healthy user bias, whereby healthy individuals are more likely to become
employed (healthy hire bias)(22, 23) and remain in the workforce (healthy worker survivor
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bias)(19, 20) compared with less healthy individuals. Healthy hire bias is typically
controlled by restricting the study to individuals who are employed, comparing disease
occurrence between subgroups of workers within the study,(20, 24) lending early support to
the use of active comparators in epidemiologic studies.

The healthy worker survivor bias is a form of selection bias when changes in underlying
health status cause people to leave the workforce.(20, 25) Those who remain employed over
prolonged periods of time are therefore an increasingly selected group of people who stayed
healthy rather than a random sample of all those who entered the workforce. Similarly,
patients persistent on preventive treatments for chronic conditions over prolonged periods of
time will often be a healthy selection of all patients who initiated the treatment. This
selection bias can be minimized by starting follow-up at hire (referred to as an inception
cohort) or initiation of treatment (as in a new user design) and not conditioning on prolonged
persistence (e.g., employment or treatment) or addressed analytically, assuming information
on time-varying predictors of persistence is available.

Contributions from clinical epidemiology and pharmacoepidemiology

Active comparator—In a paper published in 1987, Mark Kramer and colleagues(26)
highlighted a number of methodological issues affecting non-experimental studies of
adverse drug effects. The authors succinctly recommended the use of an active comparator
to avoid confounding in pharmacoepidemiologic studies, stating that “Even if it is clear to
whom a particular drug poses a risk, and over what period of time, it is important to compare
that risk with that of some other real therapeutic option for patients with the same clinical
indication. Just as in a clinical trial investigating treatment efficacy, any epidemiologic study
of treatment risks should compare two or more viable treatment alternatives” and “...
measuring risks conditionally on clinical indication is ... essential to reduce confounding.”

In a 1989 paper,(27) Ray and Griffin suggest an alternative control selection strategy to
mitigate confounding by indication when population controls “... may be unsatisfactory if
the outcome is plausibly associated with factors related to receiving the drug that are
difficult to measure.” The authors suggest that to “...compensate for such differences, one
can select controls from persons receiving similar drugs. In a case-control study, this can be
achieved by comparing the odds ratio for these other drugs to that of the drugs under
consideration.”

Burt Gerstman and colleagues also supported the use of active comparators to control for
confounding by indication in a 1990 paper(28) stating, “One means of approximating a
match based on indication is to restrict the study base to individuals using drugs within a
single therapeutic category. Rates of suspected adverse reactions may then be compared
among alternative therapies presumably used to treat similar underlying conditions.” The
authors continue that “Studies restricted to patients using drugs within a particular class may
also aid in controlling for selection and detection biases.”

New user—One of the central tenants of a new user design is that the start of follow-up
should be anchored to the initiation of a treatment. This concept of a “time zero”, the date of
treatment initiation, was first raised by Alvin Feinstein in 1971(29) in writings on
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“chronology bias”, a general discussion of biases impacting studies of disease prognosis and
medical interventions. Feinstein advocates for the use of “inception cohorts” because the use
of survivor cohorts “create major distortions in cohort statistics unless the investigator
ascertains that the [actual] inception cohorts would have been similar in their short-term
(and intermediate) survival rates.”

Kramer and colleagues further the rationale for a new user approach,(26) arguing that, “The
risk posed by a drug for a particular event is not generally the same in the sixth month of
chronic therapy as in the first or second week. Using the total time exposed as the
denominator in estimating risk is therefore incorrect, particularly if many patients are on
chronic therapy... The two approaches are equivalent only if the risk remains constant as a
function of time, i.e. the timing distribution is uniform and the expected time per course of
therapy is known. The first of these criteria is almost never true, and the second is clearly
untrue for the drugs under study ...”

In 1989, Harry Guess expanded on the issue of time varying hazards for drug side effects
after drug initiation.(30) Guess states that “The possibility of temporally hon-constant
hazard functions should be considered in the study design. This requires that drug exposure
time be measured not only in relation to onset of the study disease but also in relation to start
of therapy with the study drug [italics by author].” Guess continues that “If the duration-
specific incidence ratios differ widely, the odds ratio will depend not only on the drug but
also on its usage pattern in the study population.”

In 1994, Moride and Abenhaim(31) highlight the concept of depletion of susceptibles (i.e.,
selection bias, to explain time-varying hazards, also mentioned by Guess(30)). The authors
concluded that their counterintuitive results, where the risk of upper gastrointestinal
bleeding using a non-user comparator was increased for individuals who were new users of
non-steroidal anti-inflammatory (NSAIDs), but decreased for long-term past users of
NSAIDs, indicted “...either a lack of cumulative effect of the drugs, or more likely, a
selection process by which patients who have used the drugs in the past and tolerated them
well remain on the drugs while patients who are susceptible to gastropathy select themselves
out of the population at risk. This process is analogous to the well-known “healthy worker
effect”.... If not taken into account in comparative studies, it could introduce a selection
bias.”

Throughout the 1990's, additional research underscored concerns regarding potential for bias
due to time-varying hazards and the mixing of new and prevalent users with contributions
by Gerstman et al,(28) Hartzema(32) and McMahon and colleagues.(33, 34) In the most
cited paper (479 citations, according to Web of Science (August 19, 2015) on the topic
published in 2003 in the American Journal of Epidemiology, Wayne Ray coined the phrase
“new user design”.(35) In addition to reiterating the above pitfalls of time-varying hazards,
Ray mentions for the first time a concern regarding the timing of covariate assessment
where “...covariates for [prevalent] drug users at study entry often are plausibly affected by
the [earlier] drug itself.” He then argues that the “new-user design eliminates these biases by
restricting the analysis to persons under observation at the start of the current course of
treatment.” Ray's paper focused on the application of the new user design in the cohort
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setting, and as a result has become the landmark study on the topic, leading to wide
dissemination of the underlying message and substantial changes in best practices in
pharmacoepidemiology.(18)

Practical guidance on implementation of the active comparator, new user
(ACNU) design

When planning a study using the ACNU design, it is necessary to carefully consider: 1) the
selection of an active comparator, 2) the definitions used to identify “new use” and 3)
treatment changes over time. We review each of these considerations below and provide
practical advice and an illustration to aid implementation for pharmacoepidemiologic
research.

Selection of an active comparator

The purpose of selecting an active comparator is to mitigate confounding by indication and
other unmeasured patient characteristics (e.g., healthy initiator, frailty). Therefore, the more
“substitutable” one treatment is for another, the less potential unmeasured confounding.
Clinical treatment guidelines are an obvious resource to consult when selecting an active
comparator for an index treatment of interest, as they are used to guide practicing clinicians
in treatment decision-making. Another option, particularly in the setting where multiple
active comparators are available, is to evaluate the similarity of measured characteristics of
patients initiating the treatment of interest and each of the potential active comparator
treatments. For example, it would be possible to assess which comparator population most
closely matches the distribution of the index treatment population with respect to age, sex,
comorbidity and concomitant medication use. If none of the measured factors is a strong
predictor of initiating the treatment of interest rather than the comparator, it is more likely
that unmeasured factors would not affect treatment choice, and thus the assumption of no
unmeasured confounding may be more plausible.

Identifying new users

New users of a treatment have initiated therapy after some defined period of non-use and are
at the beginning of their treatment course. Prevalent users include both new users and
current users of a treatment and are observed at a number of different time points in their
treatment course (i.e., there is no uniform “time zero”). By including only new users in
pharmacoepidemiologic studies and starting follow-up at treatment initiation, time-varying
hazards can be described and evaluated and the temporality of covariate assessment is
preserved.

Ideally, new users would be first-time users of a treatment. To assess this type of use,
lifetime treatment use data would be necessary (e.g., Danish prescription databases). In most
settings, however, defining new use requires consideration of a “washout period” (Figure 1,
top panel). This period represents a fixed window prior to the first prescription (i.e.,
treatment initiation) where the individual has drug coverage, but does not have any use of
either the index treatment or the active comparator treatment, a requirement for entry into
the new user cohort. Washout windows of 6-12 months are common, although evaluation of
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longer periods has revealed misclassification of “true” new use with relatively short wash-
out periods.(36)

Lack of lifetime treatment data when implementing an ACNU design results in the
possibility for individuals to have multiple new use periods. This would occur when an
individual initiates treatment, but subsequently discontinues (i.e., stops refilling the
prescription) and re-initiates after the washout period. Because the exact date of treatment
discontinuation is generally unknown, the discontinuation date is usually defined as the last
prescription dispensing date + the days supply + a grace period. A person refilling a
prescription of the same drug before the discontinuation date is classified as a continuous
user. The grace period is necessary to allow for some leeway when refilling prescriptions,
for patients forgetting to take some pills, or even splitting pills. It is frequently based on a
proportion (e.g., 50%) of the typical days supply of the drug but can also be based on the
empirical distribution of days between refills. Researchers interested in allowing for
multiple new use periods should add the length of the days supply plus the grace period to
the initial wash-out window in order to provide uniform washout windows for all new use
periods (Figure 1, lower panel). They should also index the new use periods per patient so
that the first one can easily be identified if an analysis restricted to the first new use period is
desired (first new use period could be the first ever use period for some individuals in
contrast to subsequent ones). Once new use is established, the index date is defined as the
first prescription dispensing date after being free of both the index and comparator
treatments during the washout period. In some settings, a second prescription within a given
amount of time from the first prescription is required for cohort entry, in which case the
index date would be the second prescription dispensing date.

By requiring the start of follow-up to occur at the point of treatment initiation, analysis of
the changing hazards of events of interest is straightforward. For example, the rate of an
adverse event can be evaluated among the index and active comparator cohorts in the first
30, 60 or 90 days following therapy initiation. If the hazard for these events is highest in the
early periods and subsequently decreases in later periods, this may be an indication of the
depletion of susceptibles, the phenomena described above where individuals who develop
events are removed from the cohort early on, leaving a cohort of individuals who tolerate the
treatment without any side effects.

Analysis of treatment changes over time

An additional advantage of the ACNU design is that researchers can avoid the potential for
the healthy adherer bias by ignoring stopping of the initially prescribed treatment (non-
adherence). If stopping is ignored in those who initiated drug A as well as drug B, then there
is no selection bias induced. This “first treatment carried forward” approach is the
equivalent of the “intent to treat” analysis in RCTs. While this approach avoids selection
bias, another bias, exposure misclassification, is introduced and would tend to increase over
time since treatment initiation. This analysis is usually seen as introducing bias towards the
null and is often acceptable in conventional RCTs because it is conservative when assessing
efficacy. When assessing adverse outcomes, however, as in many pharmacoepidemiologic
studies, bias towards the null may mask potential harm, is therefore not conservative, and
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should be avoided. It is also worth mentioning that in RCTs where major crossover between
treatments is not assumed, bias is very likely to be towards the null. With major crossover
between treatments, it would be possible for bias to cause the treatment effect estimate to
cross the null.

An alternative to the first treatment carried forward design is the “as-treated” analysis, the
parallel to the “per-protocol” analysis in RCTs. This analytic approach in
pharmacoepidemiologic studies can account for not only stopping treatments (described
above in Figure 1, lower panel), but also switching of treatments (switching from drug A to
drug B) and augmenting treatments (adding drug B to drug A, and vice versa). The
distinction between switching and augmenting can only be made after a period of time,
because it will depend on whether or not the individual refills the initial treatment after start
of the alternative treatment. The period of time that should be used to assess a refill of the
initial treatment should be based on e.g., the days supply of the previous prescription and the
grace period.

Once these events (starting, stopping, switching, augmenting) have been identified for each
patient, researchers must then hypothesize about three distinct periods to define time at risk
periods: the induction period (i.e., time required for the treatment to biologically effect the
outcome), latent period (i.e., time required between disease onset and clinical diagnosis) and
potential carryover effects (i.e., time that the treatment remains active in the body) based on
available information on the treatment and outcome of interest. In practice, carryover effects
tend to be short, only accounting for a few days and therefore are generally ignored or
assumed to be part of the latent period following discontinuation.

These concepts can be illustrated using two hypothetical examples. First, consider a study of
the effect of an antibiotic on the adverse outcome of anaphylaxis. In this case, we assume
that treatment has an immediate effect on the incidence of anaphylaxis (i.e., an induction
period=0 days) and is instantly diagnosed by a healthcare provider (i.e., latent period=0
days), and as such, we would start evaluating time-at-risk at drug initiation. Furthermore, if
we assume that this effect would immediately cease upon stopping the treatment (i.e.,
carryover period=0 days), then time-at-risk would stop at drug discontinuation. Note that we
would likely miss any effect if we did not implement a new user design and did not enroll a
considerable proportion of first-time users.

Second, consider a study of the effect of antidepressant medications on risk of cancer. We
may hypothesize that antidepressants have a late-acting effect in the carcinogenesis process
(e.g., relatively short induction period, say of 3 to 6 months) and would need to add a latent
period for it to be clinically detected (e.g., an additional 3 to 6 months). It is likely that the
carryover effect of antidepressants is relative short (only a few days). As such we may
consider varying the combined induction and latent period between 6 months to one year.
We would then start follow-up 6 months after drug initiation (and vary this up to 12 months,
the combined induction and latent periods) and stop follow-up 3 months after drug use has
ended (and vary this up to 6 months, the latent period only) (i.e., assigning person-time and
events until 3 months after the actual stopping date). Sensitivity analysis varying the length
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of the assumed induction, latent and carry-over periods, ideally in both directions (longer
and shorter), can help assess robustness of estimated effects and are recommended.

Finally, the ACNU design may aid in the evaluation of the cumulative effects of drug
exposures on health outcomes. Because all individuals in the cohort are followed from drug
initiation, the event rate in those who continue on therapy on drug A (e.g., for 2-years) can
be compared to individuals who continue therapy on drug B (for 2-years). Consideration of
the mechanisms and patterns of treatment stopping, switching and augmenting is important
for the validity of this approach, as informative censoring, where individuals who are
censored from the analysis are at increased (or decreased) risk of the outcome of interest,
may still induce selection bias. Analytic approaches that account for informative censoring
may be applied, if detailed information is available on the predictors of non-adherence.
Many of these methods have been developed and gained popularity in both the occupational
epidemiology literature(25) and the HIV literature,(37, 38) perhaps based on the ability to
predict reasons for employment cessation and changes in antiretroviral treatments,
respectively.

Benefits of the active comparator, new user (ACNU) design: A

contemporary example

To illustrate the benefits of the ACNU design, we will briefly review a study by Sttirmer and
colleagues evaluating the long-term effects of insulin glargine on cancer risk.(39) One of the
major challenges in evaluating the effects of insulins on cancer risk in patients with type 2
diabetes is likely strong confounding by indication (e.g., diabetes not controlled by oral
antidiabetics due to severity and diabetes duration) and obesity, which are impossible or
difficult to measure in administrative data. An additional challenge is the need for a clear
timeline in order to evaluate whether the duration of treatment may impact cancer risk.

Using clinical guidelines, the authors selected the second most prescribed long acting
insulin, human NPH insulin, as the active comparator. The researchers defined a wash-out
period of 19 months to identify new users of the study drugs, to represent a typical 30-day
supply of insulin + a grace period of 6 months + a wash-out period of 12 months, using an
approach similar to Figure 1. The relatively long wash-out period was derived from the
empirical distribution of days between refills, indicating that any shorter period would have
led to misclassify many apparently continuous users as having stopped treatment.

Potential confounders were assessed in the 12-months prior to the first prescription for
insulin, which ensures the correct temporality of covariate assessment in relation to the drug
initiation (i.e., prior to initiation). The primary analysis used an as-treated approach where
follow-up began at the date of the second prescription and stopped after treatment
discontinuation, date of treatment switch (i.e., filling a prescription for another long-acting
insulin), death, end of enrollment, end of the study period or the date of a cancer event.
Sensitivity analysis varied induction and latent periods (i.e., excluding incident cancer cases
for up to 12 months after insulin initiation and allowing for diagnoses to be made up to 24
months or indefinitely after stopping treatment [first treatment carried forward]).
Furthermore, the cumulative effects of insulin on cancer risk were assessed by comparing
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imitators who remained on treatment for 0-less than 6 months, 6 months to less than 12
months, 12 to less than 24 months and greater than 24 months. The authors found no
indication for an increased risk for any of the specific cancers.

Overall, the measured baseline patient characteristics of initiators of insulin glargine vs.
human NPH insulin were similar, with slight differences noted for age, sex, year of
treatment initiation and concomitant medication use. After further adjustment approaches
using propensity score weighting, these differences were reduced to a clinically insignificant
level or eliminated entirely. To address concern about residual confounding by BMI, the
authors conducted two validation studies in external populations where BMI information
was available for initiators of insulin glargine and human NPH insulin. In both studies, the
distribution of BMI was virtually identical in initiators of insulin glargine and in initiators of
human NPH insulin.

The example provides evidence that the ACNU study design can enhance the validity of
non-experimental studies through: 1) aligning individuals at a uniform point in time to start
follow-up (i.e., initiation of a drug), 2) ensuring the correct temporality between covariate
and exposure assessment and 3) mitigating measured and unmeasured confounding by
design through the selection of an appropriate active comparator that led to the inclusion of
patients that had the indication for treatment augmentation.

There are important limitations of this approach worthy of note. One of the primary
limitations is that as-treated approach highlighted in this study limits the evaluation of the
cumulative effect of treatment use beyond 2 years. However, this limitation is mainly a
function of “real world” treatment dynamics, where patients do not use insulin glargine or
human NPH insulin over extended periods of time due to stopping or switching of
treatments. This may be important for interpretation of the study findings and whether
concerns over the “longer-term” effects (e.g., 2+ years) of treatment exposure on cancer risk
are warranted from a public health perspective. Furthermore, data on long-term use available
when studying prevalent rather than incident users, would not answer a clinically relevant
question (we cannot “assign” anyone to long-term use) and would suffer from the selection
introduced by focusing on a very small fraction of all those that have ever been exposed to
the drug. Another potential limitation of the as-treated approach is the concern about
informative censoring. The first treatment carried forward analyses that eliminates selection
bias, support the primary as treated analysis, however. Further work on evaluating the
impacts of informative censoring in an ACNU design are indicated. Finally, we need to
assume that the BMI balance observed in the external validation studies would be
transportable to the main study. Given the arguments about synchronizing cohorts on the
indication for treatment augmentation and the moderate differences in covariates observed
between treatment cohorts, this seems a quite plausible assumption.

Conclusions

Advances in our understanding of how non-experimental study design and treatment
dynamics impact the validity of the pharmacoepidemiologic studies have laid the foundation
for the modern implementation of the ACNU study design. This design offers the theoretical
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advantage of mitigating confounding bias by indication, healthy user, and frailty at the
design stage, prior to the application of analytic methods and as a result is considered the
current standard in pharmacoepidemiologic research. The ACNU design can be easily
implemented within typical databases used for pharmacoepidemiologic research (e.g.,
administrative claims databases). As evidence accrues with respect to the scenarios under
which the theoretical benefits are most likely to be actualized, the ACNU design is expected
to gain further popularity.
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Figure 1. Active comparator, new user (ACNU) study design schematics
The top panel illustrates how the ACNU study is designed to emulate a head-to-head

randomized controlled trial. The bottom panel provides a detailed picture of how to identify
periods of new use of drug A (the same process would apply to drug B) in a claims or other
healthcare database. 2 One individual can have multiple new use periods. The individual can
also be a new user of drug A and later a new user of drug B (or vice versa). Often, analyses
will be restricted to the first period of new use. P The date of discontinuation (or switching
or augmenting) may be used as a censoring date in as-treated analyses.
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