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Abstract

The definition of a new case is a vital step in incidence studies in both epide-

miology and pharmacoepidemiology, although with significant differences in

methodology between the fields. We define and apply a framework for two dif-

ferent types of new cases of drug use, first-ever and recurrent, and show how

the associated misclassifications related to length of run-in period can be

expressed by the positive predictive value (PPV).

In the study, we consider individual-level dispensations of statins 2006–2019
for 1,017,058 individuals with at least one dispensation in 2019 in Sweden. The

incidence proportion for statins for both sexes of all ages in Sweden 2019 var-

ied from 17.4/1000 with a run-in of 8 months, 9.45/1000 with 5 years and

8.4/1000 with 10 years. The PPV was 49% with 8 months and 89% for 5 years

using 10 years as gold standard.

We conclude that the interpretation of incidence and thus the selection of an

appropriate run-in period, in pharmacoepidemiology, depends on whether

first-ever use, recurrent treatment or both together (new cases) is the focus of

the research question studied. At least five different misclassifications can be

introduced depending on how incidence is defined.
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1 | BACKGROUND

The definition of a new case is a vital step in both epide-
miology and pharmacoepidemiology, but significant dif-
ferences in methodology exist between the fields. The
aim of this article is to suggest a theoretical framework
for describing different types of new cases of drug use,
and related misclassifications, as a basis for more detailed
definitions of incidence in pharmacoepidemiology. In

addition, we exemplify this with statins as an example of
a treatment of a chronic condition.

1.1 | Incidence in epidemiology

In epidemiology, measures of disease frequency such as
incidence and prevalence are well defined.1 In the sim-
plest case, these measures refer to a disease leading to
immunity after the disease period (e.g., measles) or that
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is chronic (e.g., diabetes mellitus type 1). Then, once a
person has been a new case, an incident patient, he/she
will not be able to acquire the disease again. This situa-
tion may be described by the so-called illness-death
model (also known as the disability model).2 In this
model, individuals can be in one of three states: healthy
(not yet diseased), diseased (immune) or deceased. In the
simplest variant, a diseased individual cannot return to a
healthy state and again be at risk of contracting the dis-
ease (see Figure 1).

Diseases with potential recovery require an expansion
of the illness-recovery-death model. Recovered individ-
uals can either be susceptible to falling ill again or be
protected through immunization, natural immunity or
vaccination. The protection can diminish over time, thus
making the individual susceptible to the disease again.

In epidemiology, the incidence may be reported as
follows:

• number of events,
• incidence rate (or person-time rate)—a rate of cases rel-

ative to the aggregate cumulative study time contrib-
uted by studied individuals, or

• incidence proportion (or cumulative incidence)—a pro-
portion of new cases among the entire population at
risk accrued over a time interval.3

The incidence rate is the ratio between the number of
new cases of the disease during a specified time interval
and the sum of all person-time at risk. The incidence pro-
portion is the number of individuals in an initially
disease-free population that becomes cases during a spec-
ified period divided by the total number of individuals in
the population at the start of the studied period.

According to the definitions for both incidence rate
and proportion, the denominator should be limited to the
population at actual risk of developing the disease
(i.e., those who are exposed to risk).1,4,5 In order to
strictly adhere to the definition of disease incidence, it is
thus necessary to exclude patients with the pre-existing
disease through a look-back period. The length of this
period will introduce a relative misclassification with an

overestimation of incidence rates, higher for a shorter
look-back period.

The illness-death model would include healthy indi-
viduals who have not yet been diseased for the first and
only time in their life. In the illness-recovered-death
model, the population at risk would include those not yet
afflicted by disease and those recovered who are suscepti-
ble to the same disease once again.

Identifying the actual individuals who have recovered
is often complicated, especially regarding excluding the
period in which they are immune. Thus, it is not uncom-
mon to use the term “incidence” to refer neither to the
incidence rate nor the incidence proportion but to a ratio
between new cases and the total population, including
those not at risk. The result will be an apparently lower
incidence rate or incidence proportion due to the inflated
denominator.6,7

1.2 | Incidence in
pharmacoepidemiology

The identification of new and current users of a drug is
essential in pharmacoepidemiology.

The original simple model based on infections need
to be extended in order to be applicable to the dispen-
sation of drugs as a proxy for drug treatment and
being treated or not treated with a drug instead of
having an acute or a chronic condition. This article
presents an adaptation of the basic model for incidence
for the purpose of calculating incidence in
pharmacoepidemiology.

Data about dispensations linked to unique individuals
have, over the last few decades, led to the rapid develop-
ment of both drug utilisation studies and more analytic
pharmacoepidemiology to evaluate the effects and side
effects of pharmaceutical treatment.8 A pivotal question
is how to model treatment over time from data about dis-
pensed drugs, and in extension, how to estimate point
prevalence, initiation and duration of treatment with
varying methodologies depending on the research ques-
tion and healthcare setting.9

F I GURE 1 Simple illness-death

model (left) compared with a suggested

expanded illness-recovery-death model

(right)
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Hospital records with ordered and administered
doses documented over time allow identification of ini-
tiation of drug treatment, change of doses, and stop of
treatment. This is also possible in prospective studies
documenting actual doses administered by the patient
at home. However, studies of drug utilisation are usu-
ally register-based studies of dispensed prescriptions at
pharmacies. This introduces several methodological
issues. The actual initiation of the drug therapy might
have started later than the actual dispensation. The
drug might not be taken at all. Dose changes might
occur without new dispensations. The time the dis-
pensed amount will cover treatment is not always
defined. Previous hoarding, as well as partial non-com-
pliance, might extend treatment time. Finally, termina-
tion of treatment frequently occurs before the possible
duration of treatment based on dose and dispensed
amount.

In drug utilisation studies, the ability to identify
new users from large databases of dispensed pharma-
ceuticals is of particular interest as it allows analysis of
early changes in prescribing. The first dispensation of
the first-time prescription to a patient is of particular
interest since it is a direct consequence of the physi-
cian’s operational decision about diagnosis and treat-
ment. The first dispensation of a renewed prescription
is also of more interest than repeated dispensations of
the same prescription since each renewed prescription
represents a new decision by the physician. Another
aspect of identifying a new user is being able to calcu-
late the cumulative amount of exposure when this can
be linked to the pharmacological effect of a drug. Mar-
ket trends in total sales volume or the number of
treated patients are consequences of both new users
and treatment duration. Identifying new users and indi-
viduals stopping treatment can thus provide additional
information that might enhance trend analysis in drug
utilisation studies.

A run-in period (sometimes also called washout
period) is commonly used to differentiate between a dis-
pensation indicating a new case of drug use and one rep-
resenting a continuation of treatment.

A commonly chosen run-in period length is 1 year
(365 days) for different drugs such as antipsychotics,10,11

psychotropics,12 benzodiazepines13 and direct oral antico-
agulants.14 For drugs with an evident seasonal variation,
a run-in of 1 year may avoid unnecessary bias. However,
both shorter15,16 and more extended run-in periods are
also used.17 For proton pump inhibitors, up to 24 months
run-in18 and for opioids up to 3–5 years19,20 have been
used. In many studies, there is no expressed reason for,
or validation of, the chosen run-in period, although there
are a few exceptions, such as the choice of 3 years

motivated by the need to identify “apparent new users of
prescription opioids.”19

As it is difficult to define an appropriate length of the
run-in period, even with good clinical insight into the
specific setting, the parametric waiting time distribution
(WTD) has been suggested as an analytical approach to
estimate the duration of dispensing.21 Its simplest form is
solely based on observed dates of dispensations. It then
provides an estimate of the dispensing duration defined
as the time within which a specified percentage of all
users in ongoing treatment will have returned to collect
their next dispensation. In addition, the method provides
an estimate of the proportion of new cases of drug treat-
ment among all with an observed dispensation during
the observation period, although it does not differentiate
between first-ever use and recurrent treatment. However,
the WTD could also be used to inform the choice of a
run-in period, as this may be chosen to exceed, for exam-
ple, the 99th percentile of the estimated duration of dis-
pensings. This would imply that less than 1% of patients
in ongoing treatment are classified as new cases of drug
treatment based on such a run-in period.

The National Board of Health and Welfare provides
annual incidence proportions for some substance
groups as publicly available drug consumption statistics.
The methodology is an early variant of WTD calculated
as the average monthly number of individuals during
the last 4 months of a calendar year that have not filled
a prescription during the earlier months of the calendar
year. It can be crudely interpreted as a run-in time of
between 10 and 11 months.22 The methodology does
not consider a seasonal variation of disease or
healthcare interventions. In general, fewer patients with
non-acute conditions will be seen by a physician during
the summer months, and thus, fewer treatments for
chronic conditions will be initiated. Vacation plans can
sometimes lead to patients filling their prescriptions
earlier than otherwise. Thus, the methodology probably
overestimates the incidence proportion of, for instance,
statins (C10AA HMG CoA reductase inhibitors and
fixed combinations of HMG CoA reductase inhibitors in
C10BA). The reported incidence proportion of statins
for all ages in 2019 according to the National Board of
Health and Welfare was 15.8/1000 women and
19.5/1000 men.23

Estimation of the WTD proceeds from discarding
all dispensing of individual patients after their first dis-
pensation within an interval (ordinary WTD), or of all
dispensations preceding their last within the interval
(reverse WTD). The length of the interval is routinely
taken to be 1 year in most instances, as the method is
robust as to regards varying the length, as long it is
not very short (less than 6 to 8 months, say). Based on
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renewal process theory, it has been shown that a para-
metric likelihood analysis can be applied to estimate
percentiles of the so-called interarrival distribution for
patients in ongoing treatment, when estimating pre-
scription durations.21 In addition, the procedure pro-
vides a direct estimate of the proportion of users,
which have initiated treatment during the observation
period among all with a dispensing within the period.
The estimation procedure has been implemented in
Stata in a freely available software package (type—
search wtdttt—in Stata to locate and download).24 In
an extension, the method allows the inclusion of char-
acteristics of the dispensed medication (amount, type,
etc.) and the patient (age, sex, etc.) as predictors for
dispensing durations. However, when used to inform
the length of the run-in period, a single estimate of
the maximal dispensing duration may be preferable.

The main advantage of using the WTD to estimate
dispensing duration, and in turn, the length of a run-
in period to identify new cases of drug treatment, is
that its estimate is based on the actual usage pattern
of the population considered as studied through dis-
pensing dates. The main limitation of the procedure is
that it, by definition, cannot establish a maximal dis-
pensing duration within which 100% of all patients in
ongoing treatment will have returned to collect their
next dispensation—such a limit is formally defined to
be at infinity. This is, however, likely to be of minor
practical importance, as a 99th percentile, or 99.5,
will suffice for most settings as long as new cases of
drug treatment are studied and not first-ever use.
More work needs to be done to establish how the

choice of percentile affects misclassification rates of the
corresponding run-in period.

2 | METHODOLOGICAL
CONSIDERATIONS WHEN
DEFINING A NEW CASE OF
DRUG USE

2.1 | Differentiating between first-ever
use and recurrent treatment

When studying episodes of drug use, or dispensations as
proxies for drug use, then extending the illness-death
model to consider different states and transitions between
states is crucial (see Figure 2). In this extended model, an
untreated patient can be either a never user (A) or an
untreated previous user (C). A treated patient can be
either a first-ever user or a recurrent user.

The dispensation of the studied drug to a never user
(A) will then be the first dispensation during the patient’s
life, that is, identifying the transition A ! B of the indi-
vidual to the state of first-ever user (B). The same individ-
ual will remain in the first-ever user (B) state until the
treatment is stopped and the individual becomes a previ-
ous user (C) with the transition B ! C.

Correspondingly, the dispensation of the studied drug
to a previous user (C) will define the transition C ! D of
the individual to the state of the recurrent user (D). The
individual will remain in this state until the treatment
ends, implying a return to the state of the previous
user (C).

F I GURE 2 Model for repeat treatment in pharmacoepidemiology. States refer to actual use during the defined period. Transitions

between states refer to different situations. In pharmacoepidemiology, transitions from A ! B and C ! D (bold arrows) define new cases.

A ! B represent first-ever use, while C ! D represent recurrent treatment. The dotted border depicts uncertainty about when the treatment

episode ends when using dispensations as proxies for drug treatment. Vertical arrows represent dispensations (black = first dispensation of a

prescription, grey = repeat dispensations of the previous prescription) in hypothetical first-ever and recurrent user episodes
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When dispensations are used as proxies for drug treat-
ment, the transitions B ! C and D ! C are not well
defined, as indicated by the dotted line in Figure 2. The
treatment can end before the dispensed amount is admin-
istered, and the duration could be extended due to past
hoarding, a reduced dose or partial non-compliance.
Thus, in pharmacoepidemiology, the time the dispensa-
tion results in administration will need to be estimated.
This can be done by analysing the prescribed dose and
amount dispensed or based on the average interval
between dispensations for the current medication in the
studied setting. This time, the assumed duration of treat-
ment after a dispensation will have to be added to the
date of the last dispensation during B or D to define the
beginning of C. This introduces an intermediate state of
uncertainty about whether the patient is under treatment
before becoming a previous user. A decision has also to
be made on how long the actual interval without treat-
ment has to be from a clinical standpoint for a new dis-
pensation to be interpreted as a recurrent treatment and
not a continuation of the treatment. This time should be
added to the assumed duration to define a run-in period
for identifying a clinically relevant new case of recurrent
treatment.

In addition to the assumed duration of the treatment
after a dispensation in each interval, there are other fac-
tors to consider. A patient can be considered to be under
treatment with a drug under an extended period after the
last administered dose, for instance, for a drug such as
fluoxetine with a long half-life for the substance and its
active metabolites.25 From a clinical perspective, a new
treatment episode can also be defined as starting only
after an extended time with no treatment.

2.2 | Different types of misclassifications
depending on the run-in

The length of the run-in can introduce different types of
misclassifications of new cases, first-ever use and recurrent
treatment.

2.2.1 | Misclassification due to immigration

Defining a new case by the lack of recorded dispensations
during a defined run-in period is dependent on identify-
ing all dispensations during run-in for the studied indi-
viduals. This is not possible for individuals entering the
study population by immigration when studying inci-
dence proportion in a general population register without
specific record-linkage. For these individuals, the first

recorded dispensation after immigrating will be identified
as a new case of drug use whether or not this is correct.
For incidence rate, migration is handled through the
study of actual person-time.26

Censoring all individuals who immigrated during the
run-in before an index dispensation will avoid this mis-
classification. Instead, it will introduce an underestima-
tion of the true incidence of new cases if immigrants are
not censored from the denominator. However, since the
number of immigrants in most cases is only a fraction of
the population and only a fraction of the immigrants are
prevalent users, the misclassification in most cases is low.

2.2.2 | Continued treatment misclassified as
recurrent treatment

If the run-in is close to the duration of treatment after a
dispensation, that is, if the actual duration of treatment
after a dispensation and the clinically relevant period of
non-treatment needed to identify a dispensation as a new
treatment episode added together is short, then a repeat
dispensation might be misclassified as a recurrent
treatment.

2.2.3 | Recurrent treatment misclassified as
continued treatment

A recurrent treatment might be misclassified as continued
treatment if the run-in is longer than the duration of
treatment after a dispensation plus the time needed with-
out treatment to define a new case of drug treatment. In
addition, during the run-in, a patient cannot be identified
as a new case of drug treatment whether or not this is
true in the individual case.

When drug treatment is halted (either as planned,
as a separate decision made by the prescriber or
through lack of compliance), the individual will transi-
tion into previous use (B ! C or D ! C) immediately
in real life. Nevertheless, when using dispensations as
proxies for the individual’s treatment status, the exact
point in time where this transition will occur is not
observed when only the actual dispensed amount and
the prescribed dose is known. A patient who stops tak-
ing the drug shortly after a dispensation will thus not
qualify as a new case for the remainder of the run-in
period.

The degree of misclassification in I and II cannot eas-
ily be calculated, since in each case the duration of treat-
ment has to be estimated because it cannot be identified
through information about dispensations only.
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2.2.4 | First ever use misclassified as
recurrence of treatment

The appropriate run-in for studying new cases should
consider both the assumed duration of the last dispensa-
tion and the clinically relevant period of non-treatment
needed to classify a new episode of drug treatment as a
recurrent treatment. This run-in will identify new cases
but not separate recurrent treatment from first-ever use.
In order to identify only cases of recurrent treatment, the
number of first-ever use has to be subtracted from new
cases.

2.2.5 | Recurrent treatment misclassified as
first-ever use

To define an actual first-ever use, a run-in period would
need to cover a life-long observation period or the period
since the drug was introduced into the market being
studied.

The longer the run-in period is, the higher the ratio of
first-ever use to recurrent treatment. Thus, the run-in
period has to be chosen based not only on the character-
istics of the drug studied but also on the clinical research
question, that is, whether the focus is on

• first-ever use
• recurrent treatment
• or all new cases of drug treatment episodes, that is,

both first-ever use and recurrent treatment

Any chosen run-in shorter than the individual’s life or
period since drug market entrance will introduce mis-
classification where some new cases will be instances of
recurrent treatment instead of first-ever use.

The degree of misclassification depends on a range of
factors such as drug type, gender, age group, study
period, and the historical prescriptions and dispensations
of the drug, which can be quantified in different
ways.27–29 For instance, a woman in her sixties will have
a higher probability to have been treated with meno-
pausal hormone therapy during the last 10 years com-
pared with a woman in her forties. This introduces a
possible bias with a lower positive predictive value given
the same run-in for first-ever use among elderly and a
corresponding higher relative misclassification among
older women.30

The proportion of new cases of drug use, defined by a
chosen run-in period, that represents first-ever use can be
assessed by calculating the positive predictive value31 com-
pared to an extended observation time, for instance,
10 years as a pragmatic gold standard. In reverse, a

desired positive predictive value can guide the selection
of a suitable run-in if the goal is to identify the first-ever
use of drugs.

New cases selected through a long run-in will have a
high positive predictive value for identifying a new case
of drug use as first-ever use. However, a long run-in will
also misclassify some cases of recurrent treatment as not
being a new case of drug use, see Misclassification III.

3 | EXAMPLE—INCIDENCE OF
STATIN USE IN SWEDEN 2019

3.1 | Material and methods

To exemplify the concepts introduced and discussed
above, we have studied the first dispensation during 2019
of any statin (C10AA HMG CoA reductase inhibitors and
fixed combinations of HMG CoA reductase inhibitors in
C10BA) to individuals in Sweden, and for each such dis-
pensation all previous dispensation to the same individ-
ual since 1 July 2005. Statins were chosen as an example
for demonstration purpose since this is a common and
well-studied treatment of a chronic condition.

The Swedish Prescribed Drug Registry data were
extracted as patient-level data, fully anonymised and clas-
sified as statistics by the National Board of Health and
Welfare.32 Drugs were classified according to Anatomical
Therapeutic Chemical (ATC) classification system in
2020.33,34

All first individual occurrences of the dispensation of
C10AA HMG CoA reductase inhibitors and fixed combi-
nations of HMG CoA reductase inhibitors in C10BA dur-
ing 2019 were extracted (n of individuals = 1 017 058)
together with the ATC code and number of days since
the last dispensation of the same ATC code. In addition,
the number of days since the last dispensation of any
other of the studied ATC codes was obtained together
with information on gender, age (5-year intervals up to
85+), and Swedish citizen status on 1 January in 2009
and 2019. Stata24 was used for all analyses of data includ-
ing the waiting-time distribution.

Incidence proportion was calculated with the number
of new cases (either first-ever or recurrent treatment)
defined by different run-in periods as the nominator and
the population in the beginning of the year as denomina-
tor. Positive predictive value was calculated as the per-
centage of the numbers of new cases defined by a chosen
run-in as nominator and the number of new cases
defined by a pragmatically selected run-in of 10 years.

Number of new cases were also calculated using a
freely available software for waiting time distribution as
described in Background.
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In addition, data on the incidence of C10AA HMG
CoA reductase inhibitors and fixed combinations of
HMG CoA reductase inhibitors in C10BA during 2019
(all ages and genders) were collected from the National
Statistics of Drug Consumption at the website of the
National Board of Health and Welfare. Incidence was cal-
culated as the mean of new users during the last 4 months
of the calendar year.

3.2 | Results

Depending on the length of the run-in period, the inci-
dence proportion for statins as a group for both sexes of
all ages in Sweden 2019 varied from 17.4/1000 with a
run-in of 8 months, 9.45/1000 with a 5-year run-in and
8.4/1000 with a 10-year run-in (Table 1 and Figure 3).
The corresponding positive predictive value, PPV, for
identifying first-ever use (pragmatically defined as no dis-
pensations during 10 years prior to the index date) were
49% with a run-in of 8 months and 89% with a run-in of
5 years. The trends were similar for the different age and
sex groups.

When censoring immigrated individuals by only ana-
lysing individuals residing in Sweden in both 2009 and
2019, the incidence proportion for both sexes and all ages
fell by 5.1% to 6.5% depending on the run-in (Tables 1
and 2 and the supporting information). The discrepancy
varied between 1.8% (women 45–64 with 12 months run-
in) and 9.0% (men 45–64 with 10 years run-in).

The incidence proportion assessed with the waiting-
time distribution function in STATA for both sexes, all
ages, was 15.27/1000 patients (13.55/1000 women and
16.95/1000 men), an intermediate between 8 and
12 months of run-in.

4 | DISCUSSION

In pharmacoepidemiology, a new case of drug treatment
can either represent a case of first-ever use or recurrent
treatment. When a run-in period is used (either explicitly
defined or implicitly used as in a waiting-time distribu-
tion), the results will be decided by the length of the run-
in period. In this paper, we discuss five different types of
misclassifications. The most crucial issue is to differenti-
ate between first-ever use and new cases of drug treatment
(or the sum of first-ever use and recurrent treatment).
Thus, it is crucial to define misclassification due to the
chosen run-in period compared with a gold standard
when using incidence to describe first-ever use.

The positive predictive value for a specific length of a
run-in period compared to a long run-in period approxi-
mating no earlier use is an easy-to-communicate descrip-
tion of the fraction of first-ever use. It quantifies the
relative misclassification and the influence of the run-in
period when incidence is used to assess first-ever use.
However, it is also helpful if there is a need to focus only
on recurrent treatment. For example, if first-ever use is
pragmatically defined as no dispensation for the preced-
ing 10 years with a 49% PPV for the incidence of
17.4/1000 at 8 months run-in, then the incidence with
the same run-in period will be almost evenly divided
between first-ever use (49%) and recurrent treatment
(1-PPV, or 51%).

A waiting-time distribution based on the original defi-
nition (studying the frequency of individuals with the
first dispensation during the last few months of
12 months) emulates a run-in of only 8–12 months. In
most cases, new cases will then be dominated by recurrent
treatment and not first-ever use. This is shared by the
parametric approach, although it provides more flexibil-
ity in the estimation with introduction of explanatory
variables and randomly selected index time points for
each individual.35,36 However, it is essential to discuss the
balance between first-ever use and recurrent treatment in
both cases and relate this to the research question. The
free software for the parametric waiting time distribution
is a versatile tool to estimate the proportion of new cases,
which will represent a mixture of first-ever use and recur-
rent treatment.

We recommend against using a simplified waiting-
time distribution studying the mean numbers of new

F I GURE 3 Incidence proportion of statin use as first-ever use

and recurrent treatment in individuals per 1000 inhabitants 2019,

all ages and both sexes, with different run-in. First-ever use

pragmatically defined as no previous use during 10 years before the

index date
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users of the last 4 months for a calendar year. This
method is susceptible to seasonal variation and overesti-
mates the new cases for drugs that are more frequently
initiated before or after the summer period. This is evi-
dent in our study where the reported incidence propor-
tions from the National Board of Health and Welfare for
statins exceed even the result using 8 months as a run-in.

We also recommend specifying whether the reported
incidence proportion represents new cases or first-ever use
and providing an analysis of the relationship between
first-ever use and recurrent treatment among new cases.

The incidence, or the number of new cases, will vary
with the chosen run-in period (which will define the rela-
tive proportion between first-ever use and recurrent treat-
ment), sex and age. This variation is a consequence of
incidence being defined by current prescribing practices
and how the drug has been available/prescribed histori-
cally to different populations. Thus, the choice of run-in
period should be carefully considered for different sub-
populations, drug treatments, geographical areas, coun-
tries and periods.

Immigration during the run-in period, if not censored
for, will introduce misclassification of treated individuals
as new cases. This misclassification will vary depending
on the age distribution of immigrants and the prevalence
of drug treatment among immigrants.

5 | CONCLUSIONS

New cases or incidence of drug treatment represents the
sum of first-ever use and recurrent treatment. The length
of the selected run-in period will define the relationship
between these two different situations and will introduce
a misclassification that can be bidirectional.

The interpretation of incidence, and thus the selec-
tion of an appropriate run-in period, in phar-
macoepidemiology, depends on whether first-ever use,
recurrent treatment or both together (new cases) is the
focus of the research question studied.

Different misclassifications can be introduced
depending on whether first-ever use, recurrent treatment
or new cases are studied. The positive predictive value is
a valuable tool to describe the fraction of new cases
defined by a given run-in that are instances of first-ever
use, and thus also the corresponding fraction of recurrent
treatment episodes. Conversely, the length of the run-in
can be defined by the desired positive predictive value.
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