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Abstract

Introduction
Chronic disease (CD) is a leading cause of population mortality, illness and disability. Identification
of CD using administrative data is increasingly used and may have utility in monitoring population
health. Pharmaceutical administrative data using World Health Organization, Anatomic Therapeutic
Chemical Codification (ATC) assigned to prescribed medicines may offer an improved method to
define persons with certain CD and enable the calculation of population prevalence.

Objective
To assess the feasibility of Australian Pharmaceutical Benefits Scheme (PBS) dispensing data, to
provide realistic measures of chronic disease prevalence using ATC codification, and compare values
with international data using similar ATC methods and Australian community surveys.

Methods
Twenty-two chronic diseases were identified using World Health Organization (WHO) formulated
ATC codes assigned to treatments received and recorded in a PBS database. Distinct treatment
episodes prescribed to individuals were counted annually for prevalence estimates. Comparisons
were then made with estimates from international studies using pharmaceutical data and published
Australian community surveys.

Results
PBS prevalence estimates for a range of chronic diseases listed in European studies and Australian
community surveys demonstrated good correlation. PBS estimates of the prevalence of diabetes,
cardiovascular disease and hypertension, dyslipidemia, and respiratory disease with comparable
Australian National Health Survey in older adults showed correlations of between (r = 0.82 - 0.99)
and a range of percentage error of -11% to 59%. However, other conditions such as psychological
disease and migraine showed greater disparity and correlated less well.

Conclusions
Although not without limitations, Australian administrative pharmaceutical dispensing data may
provide an alternative perspective on population health and a useful resource to estimate the
prevalence of a number of chronic diseases within the Australian population.
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Introduction

Chronic disease is a major determinant of patient and
population health and its extent has a significant effect on
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the welfare of any society [1, 2]. As chronic conditions are in
general related to age; their effects will increasingly impact on
the health of many communities as life expectancies improve
[3]. Monitoring chronic disease within a population with
accurate prevalence estimates is therefore important to provide
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background for health policy formulation and the prediction of
health care expenditure [4].

Currently, in the Australian setting, the Australian Bureau
of Statistics provide chronic disease prevalence data every
three years [5]. These National Heath Surveys (NHS) are
based on self-reported responses to structured questionnaires
and rely on participants providing correct information
[6]. Suboptimal respondent understanding of chronic disease
conditions and unreliability of recall can lead to imprecise
diagnostic categorization [7]. The National Health Survey
is also community based and acknowledged to have poor
coverage of remote locations and indigenous people in these
areas [5]. Given these weaknesses in the current system,
alternative data sources may be studied in an attempt to offer
new perspectives of chronic disease and improve population
prevalence estimates [8].

Pharmacy prescription data may be used to calculate
chronic disease prevalence [8–10]. Prescriptions represent a
treatment decision by a health professional and provide units
of information that include the dispensed drugs supplied, their
dose and quantity [9, 10]. This data may also be used to
construct a medical diagnosis from the patterns of supplied
medications [8]. The number of patients with a drug defined
proxy diagnosis can be subsequently counted to estimate
population disease prevalence [8–11].

In Australia, pharmacy claims data are collected as part
of the national Pharmaceutical Benefits Scheme (PBS). This
program is central to the Australian government’s universal
health care system that subsidises most medicines to all
residents who hold a Medicare card [12]. The PBS scheme
produces data with extensive coverage of the Australian
population including indigenous communities and lower decile
groups. However, a small number of persons obtain medicines
privately [12]. In international settings, similar data sets
have been used for a variety of purposes such as studies of
disease prevalence, illness severity and insurance purposes [8–
10, 13]. In a Swiss study of insured patients, Huber, Szucs,
Rapold and Reich employed administrative pharmaceutical
data to measure chronic disease prevalence based on an
updated allocation of Anatomical Therapeutic Chemical
(ATC) classifications to the medications prescribed [8]. ATC
classifications are alphanumeric codes designated by the World
Health Organization (WHO) which can allow international
comparison of studies with different pharmacopeia [14].

The aim of this study was to assess the feasibility of the
PBS database and the ATC classification system to calculate
chronic disease prevalence estimates for the Australian
population. Our study also compared the prevalence estimates
derived from PBS data with results from international
studies using similar pharmaceutical data sources and ATC
methodologies. Finally, the study will draw comparisons
between PBS disease prevalence estimates with similar
prevalence estimates reported in Australian community data
such as the National Health Survey [4, 5, 16].

Methods

Study design

This was a retrospective cross-sectional study using a
published 10% sample of the PBS administrative database

that details the exchanges of dispensed prescribed medications
occurring at Australian pharmacies [17, 18]. The medications
recorded in the prescriptions and the PBS database were
allocated ATC codes according to World Health Organization
criteria [8, 14]. ATC codes of treatments prescribed to
individuals were then used to define persons with particular
chronic diseases. The number of persons with these specific
conditions were counted and prevalence estimates calculated
using population data from the Australian Bureau of Statistics
(ABS). The prevalence estimates for individual chronic
diseases were then compared with European data using similar
methodology and Australian data from community surveys.

Data source and setting

A PBS claims database published by the Australian
government was used for this study. [7, 18]. The data
represents the complete dispensed prescription information
of 10% of the overall population of Australian persons that
utilised the PBS scheme during the period 2003–2014. The
PBS data are de-identified but include an assigned numeric
unique identifier (UI), person’s gender, state of residence and
year of birth. The ten percent data set were selected randomly
by government statisticians from the entire current and
historical PBS data prior to publication. The pharmaceutical
information listed for each individual patient includes the
prescribed drug name and its date of supply, its form, and
strength [17, 18].

Identification of chronic disease and prevalence
calculation

ATC codes were employed to identify persons with specific
chronic conditions using an updated system described in detail
by Huber et al in 2013 (Appendix 1) [8]. Of the several
hierarchies in the ATC codification, the first three levels
are generally sufficient for case definition of certain chronic
conditions [8, 14, 15]. The PBS have also re-assigned a
small number of drugs with ATC codes that align more with
approved Australian indications [15, 17]. We allocated these
ATC codes to the medications listed and where appropriate,
the proxy chronic conditions defined by these treatments as
separate fields into the dataset. The number of distinct persons
exchanging one or more prescriptions with an ATC assigned
chronic condition was counted for the year 2013 to calculate
the numerator of prevalence estimates. Measures of the
Australian population were obtained from published Australian
Bureau of Statistics data and used as the denominator values
for prevalence [5]. This use of the ABS data and the population
for denominator values was employed as not all Australians will
be represented within the PBS data-set. Healthier Australians
not requiring dispensed treatments are not identified in PBS
data which may lead to prevalence overestimates.

Comparison analysis

Comparisons of chronic disease prevalence estimates derived
using Australian PBS data for 2013 were made with published
international studies using similar pharmaceutical data and
methodology. The study by Huber et al was the principal
standard for these comparisons [8]. Potential confounders such
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as control of treatments for other conditions, off label use, and
treatment threshold considerations as in other studies were not
controlled in this analysis [8–10, 15, 17–19].

PBS chronic disease prevalence estimates were also
compared with prevalence estimates from Australian
community surveys [8–10]. The chronic conditions identified
in the NHS, surveying the self-reporting of patients and the
Bettering the Evaluation of Care of Health (BEACH) studies,
examining the responses of primary physicians were used
predominantly for comparisons [4, 5]. The chronic disease
domains chosen for comparison analysis from community
surveys were those that were considered subjectively the best
fit to the PBS ATC coded domains. This on occasion produced
recognised broad categories of PBS case definition such as
‘Cardiovascular disease and hypertension’ [8]. This condition
for example was compared with ‘Any Cardiovascular’ in the
Beach study and ‘Total diseases of the circulatory system’
in the NHS study [4, 5]. However, other conditions such
as Tuberculosis and Cancer prevalence estimates were more
readily compared between PBS and community surveys. The
availability of NHS chronic disease prevalence data by age
groupings enabled evaluations with similar PBS chronic disease
prevalence estimates at this level of detail. The percentage
error between PBS prevalence estimates and NHS studies
performed between 2003 and 2014 were compared for several
chronic diseases in older adults. This cohort were considered
the most likely to suffer these conditions.

Other PBS ATC defined chronic conditions not listed in the
Beach and NHS studies were compared with other Australian
community survey reports. These studies were identified
from a literature search using the index ‘chronic condition’,
‘prevalence’, ‘Australia’ and a date range between 2008–2017
as key terms. This enabled PBS chronic disease prevalence
estimates to be compared with similar contemporaneous
data from community surveys. Australian PBS derived
chronic disease prevalence’s were compared for homogeneity
with values derived from the Australian community surveys
[4, 5, 16].

Statistical analysis

Pearson’s correlation was used to compare PBS data
derived prevalence estimates with international studies using
pharmaceutical data and Australian community survey data
over the range of chronic diseases studied. Percentage errors
were employed for individual chronic disease comparisons
between NHS and other community surveys, and PBS
prevalence estimates [20]. Confidence intervals when used are
at the 95% level. All other computations were performed using
SPSS (Version 23, 2013, IBM SPSS Statistics, New York, NY).

Ethics

Ethics approval for the study was obtained from the La Trobe
University ethics committee (S17–198). The construction of
this manuscript followed the guidelines recommended in the
Reporting of studies conducted using observational routinely-
collected health data (RECORD) statement [21].

Results

Data demographics

The total number of individuals in the PBS data available
for analysis during 2013 for this study was 1,580,928
(Table 1).

Australian chronic disease prevalence estimates:
Comparison with published studies

The Australian prevalence of twenty-two chronic diseases using
PBS data for estimates in 2013 are listed in table 2. The
conditions with the highest prevalence identified using PBS
data in Australia include cardiovascular disorders (18%), pain
(15%) and psychological disease (14%). Comparative data
reported by Huber et al from a Swiss population is shown
in table 2 [8]. The profile of prevalences show a correlation
(r = .89) over the range of conditions but many chronic
diseases demonstrate higher prevalence within the Swiss
population as compared to the figures derived from the
Australian PBS data (mean percentage error = 40.5%, (SD =
30.6)). The conditions included rheumatological disorders at
36% in the Swiss cohort and 10% using Australian PBS data.
Similar higher prevalences occurred with cardiovascular disease
and hypertension (29% Swiss, 18.1% PBS), pain (28%, 16%),
psychological disease (21%, 15%), iron deficiency treatments
(4%, 0.3%) and acid disorders (20%, 12%). The prevalence
of chronic respiratory conditions in contrast was higher in
Australian PBS data (10%) as compared to the Swiss study
(7%). The prevalence for dyslipidemia was similar in both
populations. The average age of the Australian population
(56.6 years (SD = 21.6)) was higher than that recorded
in the insured Swiss population (M = 51.4, SD = 19.2),
(p < .001).

A comparison of PBS derived prevalence rates of chronic
conditions with data available from the Swiss and two Italian
studies are also presented in table 2 [8–10]. The studies
from Italy do not report on all the conditions listed in
this PBS derived study, limiting comparison to 17 and 19
chronic conditions [9, 10]. The data from Chini, Pezzotti,
Orzella, Borgia, and Guasticchi and Maio et al correlate with
PBS data (r = .83) [9, 10]. Where comparisons could be
made between PBS data and all three European studies PBS
prevalence estimates were similar for diabetes, cardiovascular
disease, epilepsy, respiratory disease, hyperlipidemia, and
thyroid disorders.

Comparison with Australian community data

Comparison of PBS disease prevalence rates with an
amalgamation of Australian community surveys including the
National Health Survey demonstrated population homogeneity
and were not statistically different. These data are
shown in table 3. Variations in prevalence estimates
were noted with a higher prevalence of rheumatological
conditions (15%) and cancer (2%) reported in the National
Health Survey. In contrast, the prevalence estimate for
dyslipidemia is higher in the PBS data set (12%). Further
comparison of the PBS prevalence estimates with Australian
NHS survey data shows areas of similarity for diabetes,

3



Purkiss, SF et. al. / International Journal of Population Data Science (2020) 5:1:36

Table 1: The number of PBS data study participants by age grouping and gender

Age range Female Percentage Male Percentage

[0,15) 111740 7.1 121674 7.7
[15,25) 101075 6.4 74164 4.7
[25,35) 117243 7.4 81417 5.1
[35,45) 119330 7.5 94662 6.0
[45,55) 119500 7.6 104570 6.6
[55,65) 115477 7.3 104815 6.6
[65,75) 89394 5.7 84143 5.3
[75,85) 54978 3.5 46424 2.9
[85,95) 24068 1.5 13365 0.8
[95,105) 2286 0.1 603 0.0
Totals 855091 54.1 725837 45.9

Table 2: Comparisons of Australian population chronic disease prevalence estimates with international data using administrative
pharmaceutical data and ATC methodology for case definition

Chronic condition Population prevalence estimate (%)f

Australian Swiss data Italian data Italian data
PBS data Huber et ala Maio et al [10]. Chini et al [9].
(2013) (2013) (2005) (2011)

Acid disorders 12.4 19.6 5.1
Bone disease 1.8 2.4b 1.8
Cancer 0.8 1.4 1.1 1.5
CVSc 18.1 29.0 22.9 22.6
Dementia 0.2 1.8 0.02 0.2
Diabetes 4.5 5.4 3.6 4.4
Epilepsy 1.5 2.9 1.2 1.9
Glaucoma 1.4 3.6 1.9 1.7
Gout 1.8 1.8 0.9 0.1
HIV 0.1 0.2 0.01
Hyperlipidaemia 12.0 12.3 4.0
IBDd 0.4 0.5 0.3 0.4
Iron deficiency 0.3 4.1
Migraine 0.9 1.2 0.3 0.4
Pain 15.5 28.0 0.1e

Rheumatological conditions 10.2 36.1 6.1 8.7
Parkinson’s disease 0.5 1.2 0.5 0.5
Psychological disease 14.7 21.2 4.4 3.8
Psychoses 1.8 3.2
COPD/Asthma 9.5 7.4 4.5 4.7
Thyroid disorders 3.1 3.8 3.2 4.4
Tuberculosis 0.01 0.1 0.03 0.04

a, Prevalence in an insured Swiss population of 936612 persons [8].
b, 23.8 in the Huber et al paper and confirmed as an editorial error [8].
c, Cardiovascular system including hypertension
d, IBD = Inflammatory Bowel Disease
e, A low estimate for pain prevalence in this study is noted with caution
f, 95% Confidence intervals not included in prevalence data as all less than 0.01%.

psychological disease, cardiovascular disease, respiratory
disease and thyroid disorders with percentage errors of less
than 25%.

Comparison of PBS data with chronic disease categories
in the BEACH and NHS studies demonstrated correlations of
(r = .94) and (r = .93) respectively. Comparison of PBS data
with NHS data also showed good correlation over a range

of ten interval age groupings for the prevalence of diabetes
(r = .99) (figure 1), cardiovascular disorders (r = .99),
dyslipidemia (r = .99), respiratory disease (r = .89) and
glaucoma (r = .85). However, correlations between NHS and
PBS prevalence estimates were much lower for psychological
disease (r = .14) and migraine (r = .33) over similar age
groupings.
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Table 3: Comparisons of Australian population chronic disease prevalence estimates using Pharmaceutical Benefits Scheme data
with Australian community surveys

Australian chronic disease population prevalence estimates (%, CI)a

Chronic condition PBS Prevalence a NHS [5]. PBS, NHS Other Australian PE%
(2013) (2014) PE % b studies c

Acid disorders 12.4 4.9(4.6, 5.2)f 47 g

12.0(9.0, 14.0)
Bone disease 1.8 4.6(na) −61
Cancer 0.8 1.8(1.6, 2.0) −56 2.8(2.6, 3.0)f −71
CVSd 18.1 18.3(17.7, 18.9) −1 15(14.3, 15.6)f 21
Dementia 0.2 1.0(na) −80
Diabetes 4.5 5.1(4.8, 5.4) −12 4.6(4.4, 4.9)f −2
Epilepsy 1.5 0.6(0.5, 0.7) 150
Glaucoma 1.4 0.8(0.6, 1.0) 75 2.8(1.2, 3.8) −50
Gout 1.8 1.54(1.52, 1.56) 17
HIV 0.1 0.06(na) 67
Hyperlipidaemia 12 7.1(6.7, 7.5) 69 8.2(7.7, 8.6)f 46
IBDe 0.4 0.33(0.31, 0.38) 21
Iron deficiency 0.3 17(na) −98
Migraine 0.9 6.2(5.7, 6.7) −85
Pain 15.5 12.7(na) 22 19.2(17.4, 21.0)f −19
Rheumatological
conditions 10.2 15.3(14.8, 15.8) −33
Parkinson’s disease 0.5 0.6(0.2, 1.3) −17
Psychological disease 14.7 17.5(16.8, 18.2) −16 13.7(13.1, 14.2)f 7
Psychoses 1.8 0.35(0.33, 0.36) 414
COPD/asthma 9.5 10.8(10.2, 11.3) −12 6.8(6.5, 7.1)f 40
Thyroid disorders 3.1 3.5(3.2, 3.8) −11
Tuberculosis 0.001 0.001(na) 0

a, 95% Confidence intervals not included in PBS prevalence data as all less than 0.01%
b, Percentage error between NHS and PBS estimates
c, References [25–36]. and includes the results of the BEACH survey
d, Cardiovascular system including hypertension
e, IBD = Intestinal Inflammatory Bowel Disease
f, Data derived from the Beach study
g, Percentage error calculated from average of other community survey prevalence estimates

The percentage error between PBS prevalence estimates
and NHS results across age groupings (0–100 years) were -
8.4%, (SD = 24.5%) for diabetes (figure 1), cardiovascular
disease 19.7% (SD = 23.5%), dyslipidemia 37%, (SD =
31.4%), and for respiratory disease 46.5%, (SD = 38.5%). The
mean percentage error (MPE) of PBS prevalence estimates
when compared to NHS data for glaucoma (MPE = 41.6%,
SD = 41.1%) and psychological disease (MPE = 14.8%,
SD = 31.8%) demonstrated inconsistency with wide variation
over age groupings. Table 4 shows the percentage error
of PBS prevalence estimates of selected chronic conditions
when compared with NHS survey data for persons aged
more than 45 years. These data show wide ranging variations
in percentage error between PBS and NHS prevalence
estimates for various chronic diseases in older adults likely
to suffer these conditions. However, PBS diabetes and all
cardiovascular disease prevalence estimates demonstrated the
closest comparison with NHS data over this age range.

Assessment of PBS prevalence estimates for eight chronic
diseases with similar case definitions from the BEACH, NHS
studies are shown in Figure 2 [4, 5]. PBS prevalence estimates

are similar to NHS and BEACH estimates for cardiovascular
disease, psychological disease, asthma and diabetes [4, 5].
However, PBS estimates show higher prevalence estimates for
hyperlipidemia and GORD and underestimates the prevalence
of malignant neoplasms when compared to BEACH and NHS
studies [4, 5]. The PBS estimate of the prevalence of any
arthritis was similar to that reported in the BEACH study but
were below that reported in the NHS [4, 5].

Discussion

This study supports the feasibility of Australian administrative
pharmaceutical data as a resource for particular chronic disease
prevalence estimates from within the Australian population.
It builds on the methods introduced by Huber et al in an
insured Swiss population, but utilises the advantages of PBS
data which represents Australia’s universal health care system
and well distributed pharmacy access [8, 22]. The extensive
coverage of the PBS scheme across Australia may therefore
offer a more representative perspective of disease prevalence
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Figure 1: Comparison of National Health Survey reported diabetic population sizes (CI) by age group with Australian PBS data
for 2013–14 (correlation r = .99)

than results obtained from patients who subscribe to insurance
schemes as in the European studies presented [8–10, 15, 22].
A comparison of the chronic disease prevalence estimates
obtained with this study and Australian community survey
data support the use of PBS dispensing data as well as
the methodology to define certain chronic diseases by proxy.
The data contained within the PBS database also enables
repeated calculation of chronic disease prevalence, providing
useful comparative trends over time. As a consequence, PBS
derived prevalence estimates may in specific circumstances
act as a proxy to calculate population prevalence for certain
chronic diseases. This study suggests that the conditions
dyslipidemia, all diabetes, and asthma may be amenable for
population prevalence estimates using this method. Other
conditions such as iron deficiency anemia, migraine and cancer
correlate poorly with community survey data and would be
less useful conditions to examine. Furthermore, certain ATC
classified chronic conditions such as ‘all cardiovascular disease’
and ‘all psychological disease’ are very broad groupings. The
categories correlate well with similar community survey data
but offer only rudimentary chronic disease case definition and
may have limited use.

This lack of diagnostic detail provided by the ATC
methodology used in this study to identify conditions is
another major limitation. A chronic disease is identified by
a single prescription of the associated ATC class medication
dispensed during the year. As a consequence, for individuals
with pain this approach can neither distinguish between acute
and chronic pain nor define the anatomical the site of the
pain. Furthermore, the simplicity of the methodology used

when applied across the range of conditions will vary in
sensitivity and specificity between conditions. Therefore, the
PBS prevalence estimates of certain chronic diseases using the
method employed will have less utility and the results need to
be interpreted with caution.

The prevalence of chronic conditions calculated for the
Australian population in this study display good correlation
with the estimates using pharmaceutical data from European
populations [8–10]. The earlier studies by Chini et al and Maio
et al from Italy represent an initial use of ATC groupings for
case definition of chronic conditions [8–10]. The differences
between the prevalence estimates from PBS data and these
European studies will therefore reflect both population and
methodological differences. A comparison of PBS data with
the Huber et al study from Switzerland which used very similar
ATC methodology to that employed in this study showed
better correlation between the two populations as compared
to the Italian studies [8–10]. However, the prevalence’s
for rheumatological, cardiovascular disease and hypertension,
pain, psychological disease and acid disorders are all higher
than Australian PBS derived estimates. The Swiss study used
approximately 0.9 million insured persons as its denominator
cohort which represents 12% of the total population, whereas
this study is a ten per cent sample of the full PBS data set
representing more than 1.5 million Australians.

These cohort differences likely reflect the societal variations
separating the two populations and their susceptibility to
chronic diseases. Furthermore, there are methodological
differences between the PBS prevalence estimates and those
reported in the study by Huber et al [8]. The denominators
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Table 4: Comparison of mean percentage error between PBS prevalence estimates and National Health Survey data for persons
age >45 years and selected chronic diseases

Chronic condition Mean percentage error (95%CI)

Glaucoma 50 (−10, 110)
COPD 26 (−2, 54)
Dyslipidaemia 59 (41, 77)
Cardiovascular disease −4 (−13, 5)
Diabetes −11 (−16, 6)

Figure 2: Comparison of chronic condition prevalence estimates (mean proportion, 95% CI) from the BEACH, NHS and PBS
surveys

used to calculate our estimates are derived from national ABS
statistics. A proportion of these individuals will be healthier
people not requiring dispensed medications and therefore not
represented within the PBS data. This will lower the prevalence
estimates generally as compared to denominator values using
PBS data only. It is also recognised that the PBS assign
slightly different ATC codes as compared to the WHO in
several areas. This is to align the PBS data more closely with
the approved Australian indications for treatments of certain
diseases [17, 18]. These are further methodological differences

but may offer an improved local perspective for case definition
of certain conditions found in Australia.

A comparison of PBS and Australian community survey
derived prevalence estimates showed similarities with a number
of conditions. Correlations between PBS data and NHS
data for diabetes, dyslipidemia, cardiovascular disease and
obstructive airways diseases over age groupings are particularly
strong. However, there are areas of divergence for particular
conditions. These discrepancies are likely to represent the
differences of chronic disease case definition within each type
of study. As an example, acid disorders are categorised in our
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study using prescribed medications ATC coded A02, ‘drugs
for acid related disorders’ as a proxy. This definition will
include patients with the clinical diagnoses of peptic ulcer
disease and oesophageal reflux. The ATC system cannot
discriminate between these diagnoses, whereas a respondent
in a questionnaire study might be able to separate the
conditions. These responses are however subjective, which
may lead to a lack of specificity for the prevalence estimates
obtained using survey data. Conversely, PBS prescriptions
will not identify persons who acquire treatments privately, off
prescription or using alternative insurance schemes. This may
lead to an overall underestimate of the prevalence of dyspeptic
disorders and may explain the disparity between PBS data and
community survey analyses.

The percentage error of PBS chronic disease estimates
when compared to NHS estimates over a range of conditions
demonstrated variations in both polarity and magnitude. This
variation between NHS and PBS prevalence estimates was
also noted when age groupings within specific chronic diseases
such as diabetes are compared. The systematic errors between
PBS prevalence estimates and NHS values, was observed
to be inconsistent and random over an array of ages and
as a consequence, represents a major inconsistency. These
variances between NHS and PBS prevalence estimates across
the range of age groupings may reflect different propensities to
use certain types of medicines among different patients. Older
persons for example may be less likely to receive anti-dementia
medicines than younger people leading to a differential
identification of prevalence among different population groups.
This might explain the lower prevalence of dementia using
PBS data (0.2%) in contrast to a prevalence of 1.3% in
other Australian community surveys. Similarly, diabetes may
be treated more conservatively without medication in older
persons as compared to younger people. In addition, a PBS
estimate for the prevalence of cancer is likely to be an
underestimate as certain cancers may be treated by surgery
alone and not have a distinguishing drug signal within PBS
data. Both PBS data and community survey therefore have
challenges in their ability to accurately measure the true
prevalence of chronic disease within populations.

The prevalence of diabetes reported in this study
represent patients with overt disease and a level of
severity that requires medication. Patients managed by non-
pharmacological interventions such as diet and exercise will
not be included in the prevalence calculation. This will
introduce an overall systematic bias to our estimates of
diabetes prevalence. We consider that our overall PBS derived
measures will be an underestimate of the actual prevalence of
“real diabetes”. This hypothesis is supported by the strong
correlation between NHS and PBS data for estimates of
diabetes prevalence and an average percentage error of 8%,
representing a small overall underestimation. This association
has been confirmed in other Australian pharmaceutical data
and supports the use of PBS data for diabetes prevalence
estimates [15, 23]. The prevalence estimates of people with
drug-treated diabetes as defined in this study would also have
application for studies of disease burden and health economic
enquiry as these patients are actively consuming medications
as part of their care.

The comparison of PBS prevalence data with NHS and
BEACH surveys offers the potential for triangulation of

chronic disease prevalence estimates [24]. It is likely that
none of these estimates represent a true population prevalence
estimate for the conditions shown but values may represent the
different perspectives of each survey. NHS self-reported data
representing the conditions from which individuals consider
they are suffering and the BEACH data representing the
view point of primary physicians and the conditions they
consider they are treating. PBS data may represent an
intermediary position between these two perspectives and
denote the outcome of medical consultations. The prescription
output recorded in the administrative pharmaceutical data
representing a condition that both doctor and patient consider
of sufficient severity to require drug treatment.

Conclusions

The estimates of chronic disease prevalence using Australian
pharmaceutical data as presented in this study offer the
advantages of figures derived from an extremely large and
representative dataset. The techniques employed in our study
using proxy definitions of chronic conditions provide an
alternative perspective of population health as compared
to community interview survey data. These include the
contextual domains of societal disease burden related to
disease severity that is defined by the need for prescribed
treatments, and an economic view point from the cost
of medications used. The results from PBS data can be
interpreted either alone or in connection by triangulation
with other methods of enquiry. The utility of Australian
PBS data as an instrument to estimate chronic disease
prevalence comes from improved precision and objectivity and
a potentially wider demographic and geographic population
coverage when compared with questionnaire studies. PBS data
are also continuously collected, enabling repeated surveillance
of chronic disease over time that may act as a reference to
calibrate other forms of prevalence inquiry and identify disease
trends [18, 24]. Accordingly, despite the discussed limitations
we consider pharmaceutical administrative (PBS) data is a
useful resource for a perspective on the prevalence of certain
chronic diseases within Australia.
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Supplementary Appendix 1: Chronic diseases and updated assigned ATC-codes and medication classes (Huber et al [8])

Chronic condition ATC classification Medication class

Acid related disorders
A02

Antacids
Drugs for peptic ulcer and gastroesophageal reflux
disease (GERD)
Other drugs for acid related disorders

Bone diseases (osteoporosis) M05 Drugs for treatment of bone diseases
Cancer L01 Antineoplastic agents
Cardiovascular diseases
(incl. hypertension) B01AA, B01AC, Cardiac agents (excl. ACE inhibitors)

C01, C04A, Anti-hypertensives
C02, C07, Peripheral vasodilators
C08, C09 Beta blocking agents

Calcium channel blockers
Agents acting on the renin-angiotensin system
Vitamin K antagonists
Platelet aggregation inhibitors (excl. heparin)

Dementia N06D Anti-dementia drugs
Diabetes mellitus A10A, A10B, Insulins and analogues

A10X Blood glucose lowering drugs (excl. insulins)
Other drugs used in diabetes

Epilepsy N03 Anti-epileptics
Glaucoma S01E Anti-glaucoma preparations and miotics
Gout, Hyperuricemia M04 Anti-gout preparations
HIV J05AE, J05AG, Protease inhibitors

J05AR Non-nucleoside reverse transcriptase inhibitors
Antivirals for treatment of HIV infections,
combinations

Hyperlipidaemia C10 Lipid modifying agents
Intestinal inflammatory diseases A07EA, A07EC Corticosteroids acting locally Amino salicylic acid and

similar agents
Iron deficiency anaemia B03AA, B03AB, Iron bivalent, oral preparations

Iron trivalent, oral preparations
B03AC Iron trivalent, parenteral preparations

Migraines N02C Antimigraine preparations
Pain N02A, N02B Opioids

Other analgesics
Parkinson’s disease N04 Anti-Parkinson drugs
Psychological disorders (sleep
disorder, depression) N05B, N05C, Anxiolytics

N06A Hypnotics and sedatives Antidepressants
Psychoses N05A Antipsychotics
Respiratory illness (asthma, COPD) R03 Drugs for obstructive airway diseases
Rheumatologic conditions M01, M02 Anti-inflammatory and anti-rheumatic products

L04AA, L04AB Topical products for joint and muscular pain
Selective immunosuppressants
TNF-alpha inhibitors

Thyroid disorders H03 Drugs for thyroid therapy
Tuberculosis J04A Drugs for treatment of tuberculosis
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