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ABSTRACT
Objective: To estimate the prevalence of polymyositis
and dermatomyositis using population-based administra-
tive data, the sensitivity of case ascertainment
approaches and patient demographics and these para-
meters.
Methods: Cases were ascertained from Quebec physi-
cian billing and hospitalisation databases (approximately
7.5 million beneficiaries). Three different case definition
algorithms were compared, and statistical methods were
also used that account for imperfect case ascertainment,
to generate estimates of disease prevalence and case
ascertainment sensitivity. A hierarchical Bayesian latent
class regression model was developed to assess patient
characteristics with respect to these parameter esti-
mates.
Results: Using methods that account for the imperfect
nature of both billing and hospitalisation databases, the
2003 prevalence of polymyositis and dermatomyositis
was estimated to be 21.5/100 000 (95% credible interval
(CrI) 19.4 to 23.9). Prevalence was higher for women and
for older individuals, with a tendency for higher prevalence
in urban areas. Prevalence estimates were lowest in
young rural men (2.7/100 000, 95% CrI 1.6 to 4.1) and
highest in older urban women (70/100 000, 95% CrI 61.3
to 79.3). Sensitivity of case ascertainment tended to be
lower for older versus younger individuals, particularly for
rheumatology billing data. Billing data appeared more
sensitive in ascertaining cases in urban (vs rural) regions,
whereas hospitalisation data seemed most useful in rural
areas.
Conclusions: Marked variations were found in the
prevalence of polymyositis and dermatomyositis accord-
ing to age, sex and region. These methods allow
adjustment for the imperfect nature of multiple data
sources and estimation of the sensitivity of different case
ascertainment approaches.

Autoimmune myopathies are potentially debilitat-
ing (or even life-threatening) diseases charac-
terised by muscle inflammation (myositis) with
subsequent weakness. Two classic forms are
polymyositis and dermatomyositis. Attention has
been drawn to the paucity of epidemiological
studies related to systemic autoimmune rheu-
matic disease including autoimmune myopathies.1

Administrative databases, containing information
such as physician billing and hospitalisation data,
are potentially an efficient means for disease
surveillance, particularly in relatively rare condi-
tions. However, the optimal approach to extract-
ing information is unknown. Rather than naively
assuming that billing and hospitalisation data are

completely accurate, users should consider adjust-
ing for inherent measurement error (and resultant
misclassification).

Our objective was to describe the prevalence of
polymyositis/dermatomyositis in a large general
population, using administrative data. As well as
naive estimates (that do not consider errors in the
data), we used methods to adjust for possible
misclassification within the data sources. In addi-
tion, we estimated case ascertainment sensitivity
and assessed the effects of patient characteristics
on both prevalence and sensitivity. Our research
was approved by the McGill University ethics
review board.

METHODS
We ascertained cases of polymyositis and derma-
tomyositis from the physician billing and hospita-
lisation databases covering the province of Quebec
(approximately 7.5 million individuals) for the
period 1989–2003, to determine disease prevalence
as of 2003. The billing database documents
physician services for all provincial beneficiaries;
only one diagnostic code is allowed per visit. The
hospital database records hospitalisations, includ-
ing a primary diagnosis and up to 15 non-primary
diagnoses per hospitalisation. All discharge diag-
noses are abstracted from the chart by medical
records clerks and are not necessarily the same
diagnoses as in the billing database (which is based
on independent claims information). For both
databases, diagnoses are provided as International
Classification of Diseases, version 9 (ICD-9) codes.

For our study, we used case definitions based on
ICD-9 codes for dermatomyositis (710.3) and
polymyositis (710.4). In the billing data, cases
were first defined according to an algorithm
requiring two or more claims by any physician
for 710.3 or 710.4, 2 months or less apart but
within a 2-year span. In a second alternative
algorithm, we defined cases as those in which
there was one or more billing code (710.3–710.4)
contributed by a rheumatologist. For the hospita-
lisation data, we defined a case as any hospitalisa-
tion including an ICD-9 code of 710.3–710.4 as a
primary or non-primary discharge diagnosis. All
Quebec citizens seeking healthcare are captured in
billing data and all those with an inpatient stay are
captured in the hospitalisation database. However,
as our three diagnosis definitions differed signifi-
cantly from each other, some individuals would be
detected by one definition, but not by another. We
did not exclude paediatric-onset disease in our
estimates.
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For the ‘‘naive’’ prevalence estimates, generated under the
assumption of no error (perfect sensitivity and specificity), we
applied the three case definition algorithms (ie, two for billing
data and one for hospitalisation data) separately; in each case
we divided the number of identified cases by the appropriate
population denominator (obtained from Statistics Canada). We
then generated a fourth prevalence estimate combining all cases
from the first billing code algorithm and the hospitalisation data
(our ‘‘composite’’ case definition). The prevalence estimates
were calculated for 31 December 2003, based on the number of

cases that had been identified during the study period (1989–
2003) who remained alive as of 31 December 2003. No
confidence interval is provided for the naive prevalence
estimates, because the estimates are based on the entire
population of the province of Quebec (not on a sample),
assuming no ascertainment error within a given method.

Studies using administrative databases have often implicitly
relied on such ‘‘naive’’ algorithms for various disease definitions,
without necessarily considering the sensitivity and specificity of
the case ascertainment approach. This issue is currently a focus
of interest for database researchers,2 3 who recognise that any
method of case ascertainment contains some error. Therefore, in
addition to calculating naive estimates (simply using the
algorithms above and assuming no error), we generated
estimates adjusted for the imperfect sensitivity and specificity
of both billing and hospitalisation data. Given that there is, in
this context, no perfect case definition, we used a previously
developed Bayesian latent class model that does not assume any
data source to be a gold standard.4 5 Bayesian statistical methods
are based on the central Bayes’ Theorem.6 They allow
estimation of an unknown parameter (for example, disease
prevalence), by combining previous information (eg, existing
data or expert opinion on the properties of the case ascertain-
ment definitions) with new data. A ‘‘prior distribution’’ can be
informative (ie, have a strong influence on results) or non-
informative. A reliable body of existing evidence (eg, past data)
allows one to input informative previous information; other-
wise, one may use a non-informative prior distribution (for
example, one may assume that any value within a given range is
equally likely—a ‘‘uniform’’ prior distribution).

Without a perfect gold standard for a method of case
ascertainment, the true sensitivity and specificity of a single
data source or diagnostic approach cannot be directly estimated;
neither can disease prevalence. These parameters are all
‘‘latent’’; that is, they are not observed directly, but may be
derived from existing data. The specific model used depends on
whether the sources of information available can be considered
as conditionally independent or conditionally dependent.
Conditional independence implies that given disease status
(positive or negative, but unobserved, thus latent), the result of
one test or data source does not correlate with the results of the
others. As two of our ascertainment methods are derived from a
similar source (billing data), conditional independence was an
unreasonable assumption. Therefore, in our model we estimated
the dependence between these tests and further adjusted for
this parameter.

With only three tests and possible dependence between them,
our problem becomes non-identifiable, which means in practice
that informative prior distributions need to be elicited over a
subset of the parameters in order to estimate all quantities of
interest.7 For our model, given seven unknown parameters
(prevalence and the sensitivities and specificities of the three
different case ascertainment methods), we needed to define
informative priors for two of them. Based on previous work on
case ascertainment of systemic autoimmune rheumatic diseases
using administrative data,2–4 we expected the specificities of all
methods to be very high. Therefore, for our primary analyses we
set informative beta (248.3, 1.65) prior distributions for the
specificities of our two billing data case ascertainment
approaches. This prior corresponds to specificities of 99%
(95% credible interval (CrI) 98 to 100). We set alternative
specificity priors corresponding to specificities of 98% (96 to
100) and 94% (88 to 100). As the results using these different
sets of previous inputs were similar, we only report results from

Figure 1 (A) Prevalence of autoimmune myopathies (dermatomyositis
and polymyositis) in Quebec, 2003. (B) Sensitivity of administrative
database diagnoses for autoimmune myopathies (dermatomyositis and
polymyositis).
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the first set. Very diffuse prior distributions were used for all
other parameters.

We then developed a latent class Bayesian hierarchical
regression model to provide estimates of disease prevalence
and the sensitivities of case ascertainment, and to assess the
effects of patient characteristics on prevalence. Our use of latent
class Bayesian regression models in this context has been
described previously,4 5 7 although with different case definitions
in other diseases. In brief, the levels of our hierarchical model
accounted for: (1) sampling variability in prevalence across the
population and accounting for errors in each test, assumed to
follow binomial distributions in which the probability of a
positive test includes terms for the sensitivity and specificity of
each method of ascertainment (thus adjusting for both false
positives and false negatives); (2) variation in prevalence
according to patient demographics (age, sex and rural vs urban
residence), input as a logistic regression model on the binomial
probabilities from the first level; (3) variation in the sensitivity
of case ascertainment according to patient demographics (age,
sex and rural vs urban residence), again input as a logistic
regression model, this time on the sensitivities.

For all our Bayesian estimates, we produced 95% CrI; these
represent the values between which there is a 95% probability
of containing the parameter of interest, given the data at hand
and the previous information used.i All programming was
carried out using WinBUGS.8

RESULTS
Regarding ‘‘naive’’ estimates, when a case of dermatomyositis/
polymyositis was defined based on cases identified from billing
data only, the prevalence estimate was 10.2 cases per 100 000
with the requirement of two or more physician codes for
dermatomyositis/polymyositis ((2 months apart but within
2 years) and 8.1 per 100 000 with the algorithm requiring only
one or more rheumatologist code for dermatomyositis/poly-
myositis. The prevalence was 10.5 per 100 000 if the case
definition was limited to only cases identified from the
hospitalisation data. Approximately half of the cases identified
in hospitalisation data were not identified with the first billing
data algorithm, and the same proportion of cases identified by
that billing algorithm was not identified in the hospitalisation
database. For our ‘‘composite’’ case definition based on either
two or more physician visits or one or more hospitalisation, the
prevalence estimate for 2003 was 15.6 per 100 000.

In the primary analyses using the Bayesian latent class
hierarchical model that adjusts for the imperfect nature of the
databases, we estimated the prevalence of dermatomyositis/
polymyositis in Quebec, for the year 2003, to be 21.5 per
100 000 (95% CrI 19.4 to 23.9). Prevalence was higher for
women than for men, and for older individuals (fig 1A, table 1).
Prevalence estimates were lowest in young rural men (2.7/
100 000, 95% CrI 1.6 to 4.1) and highest in older urban women
(70/100 000, 95% CrI 61.3 to 79.3). With multivariate adjust-
ment in our regression model, the effect of sex and age on
prevalence remained, and there was also evidence of an
interaction between age and sex (table 1).

Sensitivity of case ascertainment tended to be lower in older
versus younger individuals (table 1, fig 1B), although wide
credible intervals preclude definitive conclusions. In the regres-
sion model (table 1), this effect was most clearly seen with the
billing data algorithm requiring two or more physician visits for
dermatomyositis/polymyositis, with the adjusted odds ratio
(0.43, 95% CrI 0.19 to 0.96), suggesting that using this
algorithm, dermatomyositis/polymyositis cases in older indivi-
duals would be less likely to be detected (compared with
younger individuals). As illustrated in fig 1B, hospitalisation
data tended to be more sensitive than billing data for case
ascertainment among individuals living in rural areas, particu-
larly for older individuals. For older rural residents, the
sensitivity estimates of case ascertainment relying on rheuma-
tology billing were particularly low (23–24%), whereas sensi-
tivity estimates for hospitalisation data and physician billing
data in rural areas were approximately 69–70% for younger
individuals and 47–55% in older individuals. The confidence
intervals for estimates, however, were generally wide and
overlapping.

The demographics and drug exposure histories of the subject
pool appeared to be consistent with what one would expect for
individuals with myositis. For example, in patients identified
through rheumatology billing data, the average age was 60 years
(SD 18, median 61) and the sample was 68.5% female. We did
not have drug exposure information on all individuals; however,
the province provides drug insurance for all residents aged
65 years of older (as well as a subset of the younger population
without private drug insurance). In these individuals we noted
that 80% of identified myositis cases were exposed to
glucocorticoids or steroid-sparing agents following diagnosis.
Additional individuals may have been treated with infusion
therapies such as intravenous gamma globulin, methylpredni-
solone, or cyclophosphamide (information not available from
the administrative drug database).

i The definition of credible intervals actually corresponds to how many interpret
frequentist confidence intervals, but a 95% confidence interval in fact represents the
concept that 95% of the confidence intervals generated with a large number of
repeated samples would include the true value of the parameter.

Table 1 Effects of demographics on autoimmune myopathy prevalence
and case ascertainment sensitivity estimates: Bayesian latent class
hierarchical model

Adjusted OR
(95% CrI)*

Prevalence in 2003

Female 2.52 (1.08 to 3.99)

Age (45 years 8.58 (2.87 to 13.61)

Urban vs rural residence 1.40 (0.80 to 2.01)

Interaction, age and sex 18.16 (6.32 to 30.57)

Effects on sensitivity, hospitalisation data{
Female 0.91 (0.44 to 1.97)

Age (45 years 0.49 (0.25 to 1.23)

Urban vs rural residence 0.58 (0.36 to 1.43)

Interaction, age and sex 0.44 (0.19 to 1.36)

Effects on sensitivity, billing first algorithm{
Female 1.03 (0.50 to 2.07)

Age (45 years 0.43 (0.19 to 0.96)

Urban vs rural residence 0.78 (0.49 to 1.34)

Interaction, age and sex 0.44 (0.16 to 1.04)

Effects on sensitivity, billing second algorithm{
Female 1.02 (0.56 to 1.88)

Age .45 years 0.53 (0.28 to 1.04)

Urban vs rural residence 1.58 (0.98 to 2.31)

Interaction, age and sex 0.58 (0.28 to 1.19)

*Bayesian credible intervals (CrI) represent the values between which there is a 95%
probability of containing the parameter of interest, given the data and previous
information input. {Case ascertainment based on one or more hospitalisation
discharge diagnostic codes (primary or non-primary). {For billing data, the first
algorithm was based on two or more diagnostic codes (>8 weeks apart and within
2 years) contributed by any physician; the second algorithm was based on one or
more diagnostic codes contributed by a rheumatologist. OR, odds ratio.
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DISCUSSION
Earlier results1 9 of pooled analyses placed the prevalence of
autoimmune myopathies at approximately five per 100 000.
Those pooled estimates do not reflect the effects of variations
among populations in terms of sex, age, time and region. Given
that autoimmune myopathies affect demographic subgroups
differentially, an overall population prevalence estimate might
be somewhat uninformative. Variations in the frequency of
autoimmune myopathies by age and sex have been estimated in
earlier studies.10 11 However, much of the existing data was
generated decades ago; the ageing of populations in the
developed world probably means that current prevalence is
higher than previous estimates.12 One hypothesis is that with
increasing awareness of systemic autoimmune disorders, these
conditions are diagnosed and treated more promptly; this has
not been specifically proved.13

Although not definitive, our estimates suggest that different
case ascertainment approaches may be more sensitive in certain
demographic subgroups. For example, case ascertainment based
on hospitalisation data alone would tend to pick up a greater
proportion of rural (vs urban) cases. This might be explained by
the fact that people in rural areas generally have poorer access to
specialists. One implication is that a study relying on a single
ascertainment method (eg, recruitment from rheumatology
offices) may correspond to a very different sample than another
study using a different method (eg, that examined only cases
from hospital records). The sample differences might relate not
only to demographics, but potentially also to clinical factors (eg,
disease severity).

One limitation of our case ascertainment approach was that
we relied on the ICD-9 classification system, which has specific
codes for polymyositis and dermatomyositis, but does not have
a specific code for a related condition, inclusion body myositis
(IBM). Although this condition is distinct from the other two,
there is an autoimmune component. Traditionally IBM was said
to be quite rare, but recent studies now suggest a greater
prevalence than has been appreciated, as high as 22/100 000 for
males and 10/100 000 for females, with a prevalence of up to
35.3/100 000 for people aged 50 years and older.14 It is felt that
IBM is often misdiagnosed as polymyositis or other conditions
and is only suspected retrospectively after a poor response to
initial therapy.15 It is likely therefore that some of the
polymyositis cases we identified through our administrative
datasets were actually IBM.

In other studies of myositis epidemiology, stricter, clinical
criteria for case identification were used. That approach may
miss some cases of autoimmune myopathy, as has been noted.16

On the other hand, physician coding is not always accurate or
complete, either as a result of diagnostic uncertainty or
inattention to coding details. Also, the existence of only one
diagnostic code per visit for Quebec billing data limits the
sensitivity of this data source. Patients often have multiple
comorbidities, which physicians may use as the billing
diagnosis, instead of the autoimmune myopathy itself.
Regarding the specificity of the diagnostic codes that we used,
‘‘myopathy’’ is a non-specific term related to any muscle
pathology; however, autoimmune myopathies have distinct
ICD-9 code labels for dermatomyositis (710.3) and polymyositis
(710.4), compared with non-autoimmune myopathies of genetic
(eg, muscular dystrophy) or other origin, which also have
specific codes (359.4–359.9). Hospitalisation data also contain
some error, both in terms of false positives and false negatives,
as others have shown.17 This again underlines the importance of

analytical methodology that accounts in some way for error in
any approach.

Sensitivity of case ascertainment using billing data may vary
with the training and experience of physicians and their access
to diagnostic tests. Our hierarchical model allowed for the
variability of case ascertainment across different patient
characteristics. This included rural versus urban residence,
which is one of the primary determinants of access to specialists
and tests. Differences in case ascertainment according to
physician characteristics can potentially be studied by adding
another level to the hierarchical model. Unfortunately, our
current work was not adequately powered to produce precise
estimates of physician effects directly. However, our earlier
work suggested that the sensitivity of case ascertainment
methods for rheumatic diseases using physician billing data
may be higher among relevant specialists (eg, rheumatologists)
compared with non-specialists. We note that including 710.3–
710.4 billing activity by neurologists in our second case
definition did not vary the results appreciably.

In many developed countries, health systems are experiencing
stress related to ageing populations and the increasing
prevalence of chronic diseases. Some, including Canada, have
looked to the use of administrative databases for disease
surveillance, to aid in resource planning. An example is the
Quebec Infostructure de recherche integree en santé (IRIS),
whose mandate includes developing surveillance activities for all
major chronic disease groups, including arthritis and other
rheumatic conditions. In this context, the sensitivity and
specificity of case ascertainment is one issue, but the stability
of these parameters over time is another.

Agencies considering the use of administrative data for disease
surveillance need to consider other issues, such as privacy.
Privacy risks to patients can be minimised with the use of
anonymised data and optimal security measures. As the
potential for societal benefits (eg, improved patient care and
public health) is high, some endorse waivers of informed
consent for minimal-risk observational studies, on the grounds
that requiring consent makes it difficult or impossible to
complete a valid study.18 Another issue is whether physicians
should be actively encouraged to ensure that diagnostic
information is adequately recorded in order to assist surveillance
efforts. There are at present no incentives for Quebec physicians
to bill accurately. Research efforts that highlight the potential
limitations of billing data are one means of bringing the issue to
the forefront. The increasing computerisation of medical records
will make extraction of clinical data more feasible (using clinical
vocabulary maps, eg, SNOMED CT) to validate billing and
hospitalisation diagnoses in the future.

That we were able to establish expected demographic
patterns, in terms of age and sex, suggests that case ascertain-
ment of autoimmune myopathies using administrative data has
some face validity. However, no method of case ascertainment
is completely accurate and there is obviously always error in
administrative data, as demonstrated by the widely varying
estimates using any one of our sources. Adequate attention
should thus be paid to account for imperfect sensitivity and
specificity of these data sources. The Bayesian hierarchical
latent class regression model we used provides a means for doing
this. With such methods, regardless of their limitations,
administrative databases may still be useful for surveillance of
diseases such as autoimmune myopathies.
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