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Many health outcomes of interest to occupational epidemiologists are common recurrent health events. Epidemio-
logic approaches to the study of such health events are reviewed. Episodic events are considered to be events that
occur at a distinct point in time - either with sudden onset or the sudden crossing of a threshold of detection - and
they must be reversible events that can recur in the same person in response to a proximate trigger. Studying such
health events poses 4 challenges to existing methods: (i) key epidemiologic concepts, such as incidence, do not
naturally accommodate recurrent events, (ii) study designs must capture time-varying exposures, (iii) statistical
models must be able to handle correlated outcomes, and (iv) feedback bias must be addressed. In response,
methods such as longitudinal studies, case-crossover designs and generalized estimating equations are identified as
appropriate tools.
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Traditionally, epidemiologic research has focused on
causes of low probability health outcomes — health
events that can occur only once to any individual and
only happen to a relatively small proportion of the popu-
lation over a fixed interval of time. But consider out-
comes such as respiratory symptoms, nonfatal injuries,
or musculoskeletal disorders. These health problems are
not only common in the population, but can recur over
and over again to the same person. Are existing methods
suitable for the study of such recurrent problems?

To answer this question, I will first define the term
“episodic event” and identify the characteristics that dis-
tinguish this class of outcomes. I will then show why
these characteristics pose challenges to existing epide-
miologic methods — methods that were developed to
study rare outcomes. For those interested in studying
these common workplace health problems, however, the
situation is far from bleak. Examples from the literature
will illustrate several modeling approaches that can be
effectively applied to episodic events.

Defining episodic evenis

What exactly is an episodic event? According to ordi-
nary usage, an event is “something that happens”. We
would all agree that car accidents and heart attacks are
events. These things happen quickly at a well-defined
point in time. But what about periods of low-back pain?
Must the onset of an event be sudden, or can it be gradu-
al? Must an event be instantaneous, or can it extend over
a prolonged period? Some events, such as nasal irrita-
tion, are an immediate response to the environment. Oth-
ers, such as a heart attack, have both immediate and long-
term causes. For an event to be episodic, must at least
one cause be proximate?

Asthma attacks are a classic example of recurrent
events. These events have sudden onset, brief duration,
and proximate causes and are reversible. However, many
health outcomes of current interest are less well defined,
such as recurrent bouts of low-back pain or respiratory
symptoms. The following discussion will be relevant for
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any recurrent health outcome, regardless of duration, as
long as distinct episodes can be defined. For example, as
illustrated in figure 1, we could define a discrete begin-
ning and end point to a recurrent episode of back pain as
pain above a detectable threshold. This use leads usto a
precise definition: Episodic events can occur suddenly
or suddenly cross a threshold, but onset must occur at a
distinct time point. They must also be reversible health
events that can recur in the same person in response to
a proximate exposure.

The unit of analysis

Note that the terms “acute” and “chronic” do not appear
in this definition of episodic events. The terminology was
deliberately avoided because it is so often ambiguous.
The hallmark of many chronic diseases is precisely the
recurrence of short-term events, for example, asthmatics
have asthma attacks. Why might we want to study asth-
ma attacks rather than asthma? By studying events we
can identify the immediate triggers of recurrent episodes
of wheezing. But subjects are the familiar object of epi-
demiologic studies — not events. Studies of asthma in
working populations can identify workplace exposures
that cause adult-onset asthma. The appropriate unit of
analysis then depends on the scientific question of inter-
est. Whether we study subjects or events will, in turn,
determine the choice of study design, the exposure met-
ric, and the statistical model.

A discussion by Cumming et al (1), about falls among
the elderly, provides a fine illustration of the importance
of the unit of analysis. We can think of falls among 2
groups of workers. Hypothetically, consider 10 subjects
— 5 exposed construction workers and 5 unexposed cler-
ical workers. Over a 1-year study period, 1 construction
worker fell 3 times, 1 fell once, and 3 did not fall at all.
During the same time period, 2 of the 5 unexposed cleri-
cal workers fell and each fell once. The object of the
study could be either falls or fallers, where a faller is de-
fined to be a subject who falls. If faller is the unit of anal-
ysis then 2/5 of the exposed and 2/5 of the unexposed
were fallers and there was no apparent effect of expo-
sure on the risk of falling. However, if the fall itself is
the unit of analysis, then there were twice as many falls
among the exposed (4 versus 2), suggesting that expo-
sure is associated with falling. Thus different units of
analysis can lead to opposite inferences about the prima-
ry etiologic question. Are construction workers at great-
er risk of falling, or not? How does one decide?

The answer depends on the scientific question of in-
terest. If we want to know why some people fall more
than others, then “faller” is the appropriate unit of study.
But if we are interested in why a person falls now rather
than later, then we need to study falling and its proxi-
mate causes. Restricting our attention to events still
leaves open the question of whether to study the first fall,
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Figure 1. Patterns of recurrent events. Time of onset is clearly defined
for sudden onset events. For more gradually occurring events, onset
can be defined as the time when the pain crosses a threshold of
detectability.

the most recent fall, or all falls that occur within a spec-
ified time period. Putting this question to the side for a
moment, let us consider the implications of studying
events rather than subjects for defining exposure metrics.

Time-varying exposure

The study of events allows us to examine exposures that
vary over time. By locating an event at a distinct time
point, we can define the biologically relevant exposure
window at some fixed interval of time relative to the
event. The length of the exposure window and its tem-
poral position relative to the event will depend on the
causal mechanism of interest. For example, in a recent
study by my co-workers and 1, on the role of metalwork-
ing fluid exposure in the initiation of adult-onset asth-
ma, year of diagnosis was used to locate the initial event
and an exposure window of 2 years just prior to the date
of diagnosis was defined (2). The basis for selecting a 2-
year window was clinical data suggesting that, on the av-
erage, symptoms occurred 2 years prior to the diagnosis
of occupational asthma (3). Risk sets, that is, subjects at
risk of diagnosis at the date of diagnosis of each case,
were defined and metalworking fluid exposure in the 2-
year window was compared between the cases and the
noncases.

As another example of a time varying exposure, re-
call the recently published study of the role of cellular
phones in automobile collisions (4). The risk of a colli-
sion was found to be 4 times higher when a cellular phone
was in use than when it was not. A series of 5-minute
exposure windows was examined. The association was
strongest when the exposure was defined as a cellular
phone call initiated in the 5 minutes just prior to the col-
lision. The relative risk decreased from almost 5 to 3 for
calls placed 6 to 10 minutes prior to the accident and then
fell to just above 1 for calls made 16 to 20 minutes be-
fore.
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Methadologic challenges

When the outcome is a common recurrent condition,
measuring multiple outcomes per subject will be more
efficient than restricting the analysis to a single event.
Therefore I will restrict our attention to methods suita-
ble for studying multiple events. There are 4 methodo-
logical difficulties that arise when outcomes can recur
for a person during the study period. First, some of the
most basic epidemiologic concepts, measures of disease,
frequency and association, do not naturally accommodate
recurrent events. Second, studying repeated events, rath-
er than subjects, requires different study designs. Third,
and perhaps most important, outcomes measured repeat-
edly for the same person are correlated. This correlation
violates the independence assumption required by the
standard risk and rate models. Finally, repeated meas-
ures of both outcome and exposure allow both variables
to vary over time, and therefore a potential feedback bias
is introduced in which earlier outcomes may affect sub-
sequent exposures.

Redefining incidence

Beginning with the first challenge — How do we meas-
ure the frequency of a recurrent event? If we are study-
ing recurrent episodes of wheeze at work, then we want
to measure the rate of wheeze. But are we measuring an
incidence rate? An incidence rate measures the occur-
rence of new events per unit of person-time. Generally,
recurrent events will not be purely incident except for
the first one, and so the mathematical links between in-
cidence rates and risk do not hold.

Since the incidence of a recurrent event, like falling,
is a little vague, maybe prevalence is more appropriate.
Prevalence is defined as a measure of status (ie, the pro-
portion of subjects who have the disease of interest at a
specific time). Whereas the proportion of subjects with
low-back pain can be measured, the proportion of sub-
jects falling cannot be because falls are instantaneous.
Without measures of incidence or prevalence, we cannot
estimate associations with incidence rate ratios. The point
is that the basic definitions and measures of association
do not make sense for many types of recurrent events.

For the study of episodic events we need to modify
our definition of incidence slightly. In several studies of
recurrent symptoms, an incident symptom was defined
as a recurrent event that is preceded by a period without
an event. For example, in our study of nasal irritation
among workers exposed to sodium borate, we studied
workers over a 4-day period with an hourly symptom
questionnaire (5). In that analysis, an incident symptom
was defined as a report of irritation that was not report-
ed in the previous survey. Incidence was similarly rede-
fined in 2 recent studies of the acute effects of air
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pollution. In both, daily diaries were used to collect in-
formation on respiratory symptoms — over a 6-week
period for a cohort of Swiss children (6) and a 3-year
period for a population of nursing students in Los Ange-
les (7). In both analyses, the investigators defined an in-
cident symptom as the presence of a symptom when the
previous day was symptom-free.

Study designs for recurrent outcomes

Let us turn now to the second challenge — finding a
study design suitable for studying multiple events. T will
run through the list of familiar study designs and point
out the key shortcomings and advantages of each. Most
can be used to study a single episodic event per subject.
Only a few, however, can be applied in a straightforward
manner to the study of multiple events. To be appropri-
ate, a design must permit us to capture information about
time co-varying outcomes and exposures.

Cross-sectional studies. Cross-sectional studies measure
prevalence rather than incidence. Recall that cross-sec-
tional studies will overrepresent prevalent conditions of
longer duration and underrepresent conditions of shorter
duration, In the case of events, such as falls, however,
the problem is exaggerated because the outcome is es-
sentially instantaneous. For such outcomes, prevalence
studies are inappropriate. For longer lasting outcomes,
such as low-back pain, a cross-sectional study can be
designed to measure prevalence. However, one still needs
to be attentive to the possibility of length-biased sam-
pling and the healthy worker effect.

Case-referent studies. Case-referent studies can be de-
signed with cases identified as persons with an event (eg,
subjects with a fall resulting in lost workdays). Howev-
er, the case-referent design cannot take full advantage of
information about multiple events in a repeated-measures
study. Thus this design has limited applicability to the
study of episodic events,

Case-crossover studies. A variant of the case-referent
design, called case-crossover may be more appropriate.
The classic crossover study is an experimental design in
which two or more interventions are compared by treat-
ing each subject with each intervention, in a random se-
quence. Maclure (8) adapted this experimental design to
the observational study of acute health events with sud-
den onset. For each subject with an event, the event is
treated as the “case” and one or more earlier time peri-
ods are selected as “matched” reference periods. Expo-
sure at the time of the event is then compared with ex-
posure in a previous time interval for the same person.
A major advantage of this design is that, because sub-
jects serve as their own matched referents, the design



perfectly controls for confounders that vary between sub-
jects but remain constant for a specific person over time.
The case-crossover design is appropriate for outcomes
that occur with sudden onset shortly after exposure.
Moreover, the design is particularly well suited to eval-
uating risk factors that change over the study period, that
is, for time-varying exposures. The design has been ef-
fectively used in recent studies of myocardial infarction
(9) and in the study of cellular car phones and automo-
bile collisions already mentioned. A primary disadvan-
tage is that, because the design is limited to the evalua-
tion of time-varying exposures, it is not appropriate for
studies of workplace or subject characteristics that do not
change for a person over the study period. For example,
in a case-crossover study of injuries, fixed exposures such
as work organization or job demand and control can only
be studied as effect modifiers, and not as primary expo-
sures.

To date, case-crossover designs have been applied
only to the study of a single event. Moreover, the out-
comes have been rare where the probability of a recur-
rence within the study period is vanishingly small. Can
the method be applied to more common outcomes, where
multiple events are observed per subject? By taking ad-
vantage of statistical methods for repeated measures de-
veloped over the last few years, we are able to apply this
design to the study of episodic events. An example fol-
lows.

We have seen that several study designs work for ex-
amining a single event per subject — cross-sectional de-
signs for prolonged events and case-crossover designs for
instantaneous events. Let us now turn to cohort studies.
Cohort studies are typically time-to-event studies de-
signed to examine mortality or the incidence of disease.
Time until the first onset of an episodic event can cer-
tainly be studied in this framework. Recurrent episodes,
however, cannot be so easily handled.

Longitudinal studigs. A cohort study can also be designed
as a longitudinal study in which repeated health meas-
urements are collected for a cohort followed over time.
Typically longitudinal designs are used to study the de-
velopment of chronic conditions by observing changes
over time in a continuous variable. For example, pulmo-
nary function collected annually over many years can
provide evidence about the role of environmental factors
in the development of chronic lung disease. A longitudi-
nal study, however, with the simultaneous collection of
exposure and health data, is also the most appropriate
design for studying recurrent binary events.

Intervention studies. When the induction time between
exposure and disease is short, as is the case for many
episodic events, there is the opportunity to study the ef-
fectiveness of an intervention by measuring short-term
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change in health status. For example, Moulton recently
reanalyzed data from a randomized trial of the effective-
ness of vitamin A supplementation on recurrent child-
hood diseases (10). This was a double blinded interven-
tion study of 1405 preschool age children randomized to
receive either vitamin A or a placebo every 4 months for
2 years.

While epidemiologists prefer to talk about incidence
rates and cohort studies, there is a enormous amount of
statistical literature on longitudinal data analysis that is
directly relevant to the study of episodic events (11, 12).
I will now turn to the 3rd challenge — finding statistical
methods available for modeling longitudinal data.

Modeling approaches for correlated outcomes

If only a single event is observed per subject, no special
statistical models are needed to analyze event data. De-
pending on the study design, one of the standard rate or
risk models can be applied. If, however, we allow events
to recur, then we introduce a substantial statistical prob-
lem, namely, that repeated observations on the same per-
son are not independent of one another. This is the 3rd
major challenge posed by recurrent events.

Incidence rate models, such as proportional hazards
or Poisson regression, can be adapted to deal with corre-
lated dichotomous outcomes. Because proportional haz-
ards are better suited to handle time varying covariates,
it is more attractive for analyzing episodic events. Sev-
eral modifications have been developed within the gen-
eral framework of proportional hazards to address corre-
lated outcomes. These approaches can be broadly divid-
ed into 2 types, the subject-specific and the population-
averaged approaches (13). The subject-specific approach-
es yield specific parameter estimates for each person in
the study and provide an explicit description of the het-
erogeneity in responsiveness across the population. By
contrast, population-averaged models provide an average
exposure-response parameter for the entire study popu-
lation.

Subject-specific approaches. There are 2 models that can
be used to estimate subject-specific parameters — a 2-
stage model and a random effects model. The same pic-
ture can be used to illustrate both, A separate dose-re-
sponse curve is fit to the data for each person. In a ran-
dom effects model only the intercept can vary by sub-
ject. In the 2-stage model both intercept and slope can
vary across subjects. This approach makes the notion of
heterogeneous risk explicit and is appropriate if one is
interested in studying differences in individual suscepti-
bility.

In their classic 1979 paper, Korn & Whittemore (14)
proposed a 2-stage model for handling repeated
categorical outcome data in a study of asthma by the
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Environmental Protection Agency in the United States.
Groups of asthmatics, selected in several different com-
munities, kept daily symptom diaries. Asthma attacks
were examined in relation to daily air pollution meas-
urements collected in each community. In stage I, a sep-
arate logistic model was fit to the data for each subject.
This approach permits an individual exposure-response
slope to be estimated for each subject. In stage II, the
host factors that influence responsiveness were examined.

Population-averaged approaches. There are several mod-
eling approaches that have been developed to provide
population-averaged parameter estimates for repeated
measures studies. I will focus on the most widely applied
— generalized estimating equations (GEE). Liang &
Zeger (15) proposed the GEE method as an extension of
the generalized linear model that accounts for intrasub-
ject correlations within the familiar framework. Thus the
GEE method can be applied to a wide range of familiar
model forms, including logistic, linear, and Poisson re-
gression.

With the GEE, a particular form for a “working” cor-
relation matrix is chosen to account for the average de-
pendency of the repeated measures for each subject. Typ-
ical forms include an autoregressive, exchangeable, or in-
dependent correlation structure. Estimates of the varianc-
es of the regression parameters are computed using the
matrix, and the estimates are claimed to be robust, that
is, not too sensitive to changes in the matrix. The prima-
ry disadvantage of the GEE approach is that it is essen-
tially a cross-sectional, rather than a longitudinal, ap-
proach.

To illustrate how the GEE approach differs from a
simple cross-sectional analysis, consider Schwartz &
Zeger’s study (7) of passive smoking and air pollution,
in which 100 nursing students recorded acute respiratory
symptoms in daily diaries for 3 years, producing 1000
binary observations per subject. Symptom incidence was
defined as the presence of a symptom following a symp-
tom-free day. Schwartz & Zeger modeled incidence by
applying GEE to logistic regression. But suppose, in-
stead, the correlations for individual subjects were ig-
nored, and all of the daily diary data were combined in a
simple logistic regression model. That is, suppose the
100 000 observations were treated as independent out-
comes in a single cross-sectional survey. The regression
slopes in the 2 different models would be virtually iden-
tical. The confidence intervals would be different, how-
ever, and correct only in the GEE model. The disadvan-
tage of the GEE approach is that it treats longitudinal
data as though they were cross-sectional. The advantage
is that the confidence intervals correctly reflect the re-
peated-measures nature of the data.

Repeated measures are usually collected for 1 of 2
reasons. In situations in which the study population is
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limited, adding follow-up surveys is an effective way to
improve efficiency. Efficiency motivated the design in
both Korn & Whittemore’s asthma study and Schwartz
& Zeger’s nursing study. In both cases, the questions
were essentially cross-sectional, and applying a GEE ap-
proach would be appropriate. Repeated data can also be
collected to examine incidence, persistence, and remis-
sion, that is, change in health status over time. In such
cases, the GEE method is inappropriate and a time-to-
event approach based on the proportional hazards model
is more suitable. For example, one can fit a series of sep-
arate proportional hazards models to the 1st, 2nd, and 3rd
events of each subject. The 1st models time to the 1st
event; the 2nd includes only the subjects with at least 1
event, and models time from the 1st to the 2nd; and so
on. Several more complicated modifications permit the
modeling of recurrent events in a single proportional haz-
ards model (16, 17, 10).

An illustration. To illustrate further the alternative statis-
tical approaches, I will use the Borax Acute Health Study
— a study of respiratory irritation and exposure to sodi-
um borate dust (5). Irritation is a common, transient event
with a brief latency period (ineasured in minutes) and a
short duration of response. We designed a longitudinal
study of a cohort of 106 workers in a borax plant in the
United States. Field technicians administered a brief
symptom survey every hour during the first 6 hours of
the workshitt for 4 consecutive workdays. The analysis
was based on the 24 repeated-symptom measurements for
each subject and the parallel exposures. Each subject
wore a real-time personal exposure monitor for the full
shift. Using the nature of the irritant response as a guide,
we decided to define 15 minutes as the biologically rele-
vant exposure window.

We used a 2-stage model to estimate subject-specific
measures of association. In stage I we fit a separate lo-
gistic regression model to the data for each subject who
reported at least 3 events and estimated a subject-specif-
ic odds ratio. We then examined the distribution of the
exposure-response parameters in stage II and tried to
identify host characteristics that might explain differenc-
es in the odds ratios. The results of stage I suggested a
range in the dose-response parameters, most being close
to 1.0 and a small subset of subjects having an odds ra-
tio greater than 4-fold. The mean odds ratio of 1.3 was
significantly larger than 1.0 and therefore provided evi-
dence for an overall association between nasal irritation
and dust exposure.

This analysis, however, was very inefficient. Only the
25% of the cohort who had multiple responses contrib-
uted to the exposure-response modeling. The data for the
majority of the cohort was ignored. If we were to reana-
lyze the data today, how would we do it? We could
recast our design as case-crossover. Cases of nasal




irritation could be identified. The hazard period could be
defined as the 15 minutes prior to the irritation. Matched
reference periods could be selected as the 15 minutes pri-
or to another survey for the same person. With a single
case and reference period per subject, we could fit a con-
ditional logistic model for all subjects combined. But re-
call that workers could potentially report irritation in mul-
tiple surveys. Multiple case and control periods per sub-
ject could be included in the analysis if GEE were ap-
plied to account for the correlation between repeated
measures for a specific person. The result would be a
population-averaged odds ratio rather than a set of sub-
ject-specific odds ratios and would take greater advan-
tage of the available data.

Feedback bias

We have seen that, to study episodic events effectively,
we need estimates of associations between exposures and
health events that vary over time. The time varying na-
ture of both variables, however, poses the 4th challenge
by introducing a new potential bias. We hypothesize that
past or current exposure will influence current health sta-
tus. We also acknowledge the likely influence of past
health status on current status (ie, a positive correlation
between repeated outcomes). However, there is also the
opportunity for causality to go in the reverse direction
(ie, for health status to have an impact on exposure, that
is, for past health status to have an impact on subsequent
exposure). This reversal in the direction of a causal rela-
tionship has been referred to as feedback (18).

For example, suppose, in our study of acute irritation,
a worker with a high 15-minute exposure has severe na-
sal irritation. If, as a result, the worker moves further
away from the source of exposure, he or she will reduce
exposure in the next time window. If only the more re-
sistant persons continue to receive high exposure, we may
have a bias caused by healthy-worker survivor selection.
Including previous health status as a confounder is one
way to address this potential bias. A 2nd problem arises
when a covariate that varies over time acts as both a con-
founder and an intermediate variable. Such a situation
can cause bias whether or not we control for it.

None of the methods I have described will adequate-
ly control for these more complicated interrelationships
among the variables. One way to view these problems is
to borrow some concepts from econometricians who have
developed sophisticated methods for analyzing time se-
ries data (19). The method, called structural equations
modeling, involves fitting a set of multiple model equa-
tions simultaneously. The results are unbiased even when
exposure depends on previous health status. G-estima-
tion, an approach developed by Robins to address the
healthy worker effect, is an example of a structural model
applied to epidemiologic data (20).

Eisen

Concluding remarks

I have attempted to make only a few general points. First,
many of the health outcomes of current interest to re-
searchers in occupational health are episodic in nature.
Second, it is generally more efficient to collect repeated
measures if one is interested in examining the proximate
causes of recurrent events. Third, correctly analyzing re-
peated-measures data requires statistical methods de-
signed to handle correlated outcomes. Fortunately there
are several different methods that have already been de-
veloped and are available for wider epidemiologic ap-
plication. Not all of the methodologic problems have
been resolved, however. It is important to develop fur-
ther the statistical methods needed to handle recurrent
events effectively and to make the methods more easily
accessible to epidemiologists.
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