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Abstract

Background

Good quality spatial data on Family Physicians or General iftvaets (GPs) are key
accurately measuring geographic access to primary heakh The validity of compute
associations between health outcomes and measures of GP actess $6P density
contingent on geographical data quality. This is especiallyitrueral and remote area
where GPs are often small in number and geographically despherowever, there has bd

limited effort in assessing the quality of nationally compnshes, geographically explicit

GP datasets in Australia or elsewhere.

Our objective is to assess the extent of association or agrebeteveen different spatially

explicit nationwide GP workforce datasets in Australia. Thisriportant since disagreem
would imply differential relationships with primary healthcardevant outcomes wit
different datasets. We also seek to enumerate these assmcatross categories of rura
or remoteness.

Method

We compute correlations of GP headcounts and workload contributions befowgd
different datasets at two different geographical scalessaoarying levels of rurality an
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Results

The datasets are in general agreement with each otlveo different scales. Small numbers
of absolute headcounts, with relatively larger fractions of lo&#fs in rural areas cause
unstable statistical estimates and divergences between datasets.

Conclusion

In the Australian context, many of the available geographic GRfarce datasets may be
used for evaluating valid associations with health outcomes. Howeaetion must b
exercised in interpreting associations between GP headcountskboads and outcomes |in
rural and remote areas. The methods used in these analyses mapljchéed in other locales
with multiple GP or physician datasets.
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Background

Introduction

An equitably distributed primary healthcare workforce is key toetitient healthcare
system. Family Physicians or General Practitioners (@&¥t8) a vital component of this
workforce. Inequities in the geographical distribution of GPs asecested with poorer
health outcomes [1-3]. In Australia, where a large sparsely popuiatetiand and remote
communities create challenges for GP access [4] a smallglmwing literature is
underscoring the importance of geographic access to GPs [5-7].

The quality of spatial GP data is integral to adequately exaghgeographic access to GPs.
The aim of the analyses presented here is to explore the isspatail GP data quality by
comparing various geographically explicit GP datasets in Aistralith different
conceptualizations of the workforce metric (headcounts and workloade astatistics).
Further, in order to understand the effect rurality has on data guaitymplement our
analyses across different degrees of rurality. The followingudgon outlines the relevant
context to this analysis. We first describe the issues sdbespatial GP data quality. We
then discuss geographical GP datasets in different jurisdictioli®ved by a short
description of GP datasets in Australia. Finally, we discusstiegiresearch on GP datasets
in Australia and elsewhere.

Geographic GP datasets: what are we measuring?

Two aspects of data quality are salient to GP accesgibtlidies. First is the geographic
resolution or scale. If the available GP data are aggregatexhteecscales, for example the
state level, then locally relevant analyses cannot be perforrBedond, is the
conceptualization of the workforce metric. While it is common toGBeheadcounts or mere
presence of a GP as a metric of GP access, there is evidence thaytpisdoae misleading



results [1]. In the Australian context, it is known that whileakerage GP work more hours
per week with increasing rurality [8], there are also substanirmbers of GPs who provide
short term locum services (henceforward called locum GPs)urnal Australia whose
inclusion or exclusion from simple headcounts may skew workforclysasa[9]. Further,
many GPs work in more than one location, and if these locations different geographic
areas they can be counted in one or both of these areas providingatigtenisieading
information. In addition female GPs in Australia are more likely to worktpaet [8]. Recent
research supports the use of alternative workload aware nm&idhsas the number of Full
Time Equivalent (FTE) physicians. For example, in the UniteteSthe number of FTE GPs
have been shown to be more strongly associated with health outc@neSRhheadcounts
[1]. Full Time Equivalent and Full-time Workload Equivalent (FWE) am® workload
aware workforce metrics commonly used in Australia. The FWE metrikeUrTE, does not
“cap” doctors providing more than a standard full-time level efvises at an upper
threshold, usually of 1. Thus a GP providing 20% more than a standatdniellevel of
services will be 1.2 FWE but 1.0 FTE [10]. However, a number of diftemethods of
calculating FWE/FTE exist. Thus, it is important to have acteslatasets that are at a high
geographic resolution with pertinent GP workload information. Ideallgrder to achieve
the most accurate understanding of GP workforce availability, slaeded at the individual
practice address(es) level along with the total number of hoarked, patients seen and
services render@dSuch detail is rarely available.

Geographic GP and physician datasets in the USA, @ada and Europe

Many countries have multiple sources of GP or physician dath, wairying degrees of
overlap, strengths and weaknesses. In the United States, lohaiizskts on FTE physicians
geocoded to postcodes can be obtained from US-Meblidadividual physician address
information can be obtained from the American Medical Associati@GAMA). Physician
Masterfile. These datasets have been used in multiple analysesiohséligis with outcomes
[1,10-12]. Occasionally, surveys are also used to assess the gecajrajsiribution of
physicians [13]. In Canada, the Canadian Institute for Health lafitwm (CIHI) aggregates
physician benefits information from provincial government into a cehgmsive database
called the National Physician Database. This database affersalth of information on
physicians geocoded to postcode of main activity. The information lsanba used to
calculate FTEs. CIHI also maintains the Scotts Medical Ratlwhich can be used to obtain
physician headcounts. As in the United States, these datasetsbbanm used to study
relationships with various outcomes [14,15], and the geographical distrilmitmysicians
[16,17]. Note that while the US-AMA Masterfile and Scotts Meldizatabase are privately
sourcefl, the US-Medicare data and National Physician Databasergamized by public
bodies. Given, the diversity of datasets, and the possibility of gpenig uses of these
datasets, it is important that the degree of agreement or eksagnt between them be
understood. However, there has been limited effort in this directioer én the United States
or Canada. High quality data on GP locations are available in thedJkingdom which
have been used in a number of analyses [18,19]. GP address datalabtedvain different
sources in Ireland [7] and have been used to study issues of geographic access.

Geographic GP and physician datasets in Australianithe context of
Australia’s healthcare system

Similar to Canada and the United States, multiple sources oicignyand GP data sources
exist in Australia. However, unlike their North American countdgpdata custodians in



Australia operate a relatively restrictive data accegsne and some data custodians do not
release data at small geographies either to researchdrs pulblic (see discussion). Also,
unlike the CIHI in Canada, no Australian body functions as a dzetlaaggregator of
physician data. These complications result in a greateiptitity of datasets in the context
of Australia’s health system.

The backbone of Australia’s healthcare system is Medicare.dsliedis tax-payer funded
and offers universal insurance for private medical services. Al@lbsGP services in
Australia are privately provided under a fee-for-service scheitiea rebate provided by
Medicare at a level set by the Medicare Benefits ScheiBsS) [20]. GPs may charge at
the level of this rebate with no payment at point of service (appedgly 80% of services in
2012) or may charge at a higher level with the patient payeg@ap. This information on
services provided can be used to infer GP workload (see methods). dpdatmation on
GPs registered for the Medicare program (which is almb$iRs in Australia) are held by
the body that administers Medicare, the Department of Humanc8gniihe Department of
Health and Ageing (DoHA) also holds this data, and in addition tddteeon headcounts of
GPs derives measures of full time equivalence. These data goabiioty released at small
geographies [21]. They are occasionally released for resei2] pnd other reports [23]
but were not made available for these analyses [21].

In the absence of small area data from the Medicare datadians, GP workforce data can
be a) obtained from GP workforce surveys, b) obtained at relatealse geographic scales
from the data custodian, c) derived indirectly from datasetsctefy numbers of services
provided by GPs that are released by the Medicare data custodrad d) obtained from
private sources that use both internet based and traditional dataingatioels to create
mailing lists of GPs. In the Australian context, all of thesea dsources are salient to
enumerating the GP workforce. These datasets are discusgedter gletail in the methods-
data section.

Research on geographic GP and physician datasets

Different studies on the geographic distribution of GPs and reladatth workforce use
different datasets. For example, while some studies usefrdatathe Australian census
[4,24], others use data from surveys [25], or state or territoryhheadtkforce registries
[5,26]. While survey data may provide workload and other hard to obtaimiafion, they
may be less complete than registry data. In contrast, data rfegistries or established
mailing lists are likely to be more comprehensive but lack waiklinformation. Recently a
number of studies of geographical access have made use of niatlidgta [6,27]. While
some studies attempt to take GP workload into account [6,25], othéssstlal not [5]. A
majority of these studies are localized to specific geogtapheas making comparisons
across datasets difficult.

Some researchers have attempted to describe GP data sour&dg [@8Australia. One
Australian [31], and one American study [32] have attempted to quahtf quality of
physician datasets. The American study compared US-AMA daa & single state with
records from the state registry and found the US-AMA databdse abmost 100% complete.
The Australian study used expert local knowledge of all GBseilNorthern Tasmania DGP,
to compile a master/authority/baseline list of 139 active GRsy &rrived at this number by
starting with a larger list compiled from various datasets &ed tulled all inaccurate
entries. The researchers then attached two quality scoregjvdgnand predictive value



positive with each GP dataset. While this is a valid approacécartaining the accuracy of a
dataset, it also requires names and addresses to be presentipte rdatabases, a difficult
proposition in a restrictive data access environment. Moreover,recheea are often
interested in the quality of a dataset insofar as it affects the outcomér ainlgses.

Aims and objectives

Health researchers across jurisdictions are interested istigatng the relationship of GP
access and availability to various health outcomes [33,34]. While #rer@a number of
approaches to quantifying GP availability, GP density in a gpbgral area is a commonly
used metric [33,34]. In Australia GP densities by geography have been usedtas af iG&
demand and supply [22]. A relevant research question in this contelxéiker the choice of
one GP dataset over another affects the results of an analysis. If theuseoneeovere being
studied, this would be equivalent to studying the level of agreeméntdre the various
datasets. The aim of the analysis presented in this papeighasxplore how the various
GP datasets in Australia compare across different geographags. specifically, we are
interested in evaluating the correlation of GP headcounts andFidaFWE GPs at different
geographic scales, and in observing how these correlations varyuwattyror remoteness.
We also compare total headcounts and FTES/FWEs from the variogstdadaross states
and territories.

This is intended to be an exploratory analysis of GP datasetst msndnticipated that the

results of our analyses will assist health services rds&arin Australia to make informed
choices about GP datasets. These analyses can be easily éttenteer jurisdictions that
have multiple sources of physician data and to other datafsatsl iwhen they become
available. While some of the conclusions of the study are cléarited to the Australian

context and particular data sets, the broad conclusions of thersfatiyg to the relative

interchangeability or otherwise of data sets from different pudohd private sources, and
data sets using different measures of GP workforce, for amgurposes may be of
relevance in other jurisdictions. In addition, countries such asdd@ameustralia and to a
lesser extent the USA, which have a large rural hinterland, ax@®y $imilar issues with

geographic data from rural areas.

Methods

General description of relevant datasets

Two surveys, one reported by the Australian Institute of Healthvéelfare (AIHW) and
another undertaken by Primary Health Care Research and Infemn@drvice (PHC RIS)
provide annual estimates of the GP workforce at small geograpae$d, through the
Public Health Information Development Unit (PHIDU) at the Unsity of Adelaide releases
the number of services billed by GPs annually through Medicasmait geographies. This
information can be used to derive approximate FWE measures. Althdwgtiotmal
Medicare definition of a FWE GP depends on the value of services edowitier the MBS,
this can be approximated by the number of services billed by erager GP. While billing
patterns vary from cost patterns to the degree that GPs proffieteiti service mixes, these
effects are relatively small and disappear at higher lefedggregation. The total number of
FWE GPs in these geographies can therefore be estimated.tiddtd a GP provides
publicly funded/non private services in a public hospital, then thesessm@mie not charged



to or registered by Medicare [35]. In rural and remote areasgemore likely to provide
services in public hospitals. Indirectly derived FWEs from Meadickata in these areas may
thus be depressed.

None of these datasets provide information at scales finer thaBtahstical Local Area
(SLA). SLAs are geographies with populations varying from 0 to 130,040, avmean
population of 13,836 and a median population of 5,961. Compared to geographies from the
USA, the wide variation in population sizes is comparable to th&ZigSCode Tabulation
Areas (ZCTAs) rather than the more homogenous US Census. Tfae PHC RIS survey
data are available at the scale of the Divisions of Geneaati€ (DGP) also known as GP
Network (GPN) in Australia The DGP or GPNs represent a geographical area of a
functional and organizational network of GPs and GP practices. Thas#atan this analysis
relates to 111 DGPs with a mean population of 199,120 and a mediantioopotal 86,660
(In the last 2 years DGPs have been replaced by larger bodies lisdMedicare Locals; see
discussion). DGPs encompass multiple SLAs and may encompas® diveasand urban
geographies. Figure 1 displays SLAs nested within DGP boundariebefer geographic
resolution, individual level address location information of GPs ar#abiea from mailing
list management firms. One such firm is the Australasian ¢ded?Publishing Company
(AMPCo), whose “doctor lists” have been utilized in some studies [6i)23lLding a large
scale longitudinal survey of the GP workforce in Australia [36jlyQull time or part time
workload statuses of GPs are known in the AMPCo doctor list datia, neitmeasure of
actual hours worked. With the exception of the data from the AlldWey data which is
provided at SLA level and which are not publicly available, datesetssecondary and
public, thus ethics clearances were not required for utilizing tthatse An ethics clearance
was obtained from the AIHW ethics committee (Reference eumbBC 2010/2/23). The
datasets analyzed in this study are described in Table &ilddetescriptions of these
datasets, specific to our analyses are below.

Figure 1 Geographical Scales and Classifications: SLAs are nested in DGR&edian
Population in SLAs is 4000 and 186,600 in DGPs.




Table 1Sources of geographic GP datasets in Australia

Year of
Dataset Source Geographic Resolution Coverage Pros Cons Cost/Free sSource of data used
Information .
in analyses
Extensive yearly survey of .
Surveys: Australian SLA (Statistical Local Area). medical workforce. Sampling rlrr1]|sss%rf\ I/z\l:el ?:;2;“&?&%% non- Survey (70%
Health and Welfare SLA level data are available FTE GPs GP frame is all registered gisuppre ' y .
: . - . response or privacy concerns from €ost response rate in 2007
(AIHW) Medical through special request only Headcounts  physicians and approximately
- small number of responses from large 2007)
Workforce Survey and at cost. 58,000 physicians answered the . ;
. séctions of rural Australia
survey in 2007.
Primary Health Care Survey (100%
Research and Informatit - The survey had a 100% DGPs occupy large geographies, thus response rate from
Service (PHCRIS) gri';i(czl)vlsmns of General E\é\gg;igp response rate from the 111  requiring additional datasets to Free divisions in 2010). 2010
Annual Survey of DGPs it was sent to in 2010. analyze within DGP variation. GP FWE Data is
Divisions (ASD) from DoHA
Mailing List: —_
Australasian Medical Individual points/ Headcounts . . Workloads of part time GPs are not Data acqwsmon
e . Full time or  Excellent geographic resolutloQ Cost method is not 2010
Publishing Company addresses/coordinates Part time nown ublished
(AMPCo) “doctor Lists” P '
Indirectly Derived:
DoHA/Social Atlas of Number of Data provided by data FWE has to be indirectly derived by
Australia from Public services P! Y ¢ diving the total number of services Data obtained by
. SLA . custodian, thus valid and of ; : Eree 2009
Health Information provided by . provided with the average number of PHIDU from DoHA
. good quality . . . -
Development Unit GPs services provided in a given year

(PHIDU)




Specific description of datasets
Mailing list data

Preferred mailing addresses of GPs for the year 2010 weamettirom AMPCo. Mailing
addresses do not necessarily correspond to GP practice addressedis(ussion for
problems that may arise from this). AMPCo addresses wereodeddo derive individual
latitude longitude coordinates. Of 23,261 addresses 23,170 were geocoded, Headbats
could not be geocoded were discarded. Of the 23,170 geocoded addresses, 23,148 could
attributed to SLAs. A visual inspection of 0.6% of addresses which couloerattributed to

an SLA revealed they were distributed across all statesustr#lia. The raw data classified
GPs into two categories; full time or part time. As atfapproximation, we recoded all full
time GPs as 1.0 and part time GPs as 0.5. We henceforth refes wataset as AMPCo
doctor list.

Survey data

AIHW: We obtained SLA level Medical Workforce Survey data tbe year 2007, of
headcounts and FTE physicians held by AIHW. The overall sunsponse rate for 2007
was 69.9% [37]. Data at the SLA scale are not available in thespetl AIHW data and
were obtained through special request. FTE is calculated by Ithe¢/ Aas the sum of GP
working hours in an SLA divided by full time work hours (45 hours a weéehkg. AIHW
survey sampling frame consists of a census of all registengici@ns obtained from state
and territory GP registration bodiedhus headcounts from this survey consist a complete
enumeration. However, due to small cell count suppression for privacgraosna complete
enumeration for all SLAs in Australia from the AIHW surveytad&t was not available for
this analysis. There were no records from one territory, the &ortherritory, because of a
low response rate. Low response rates and unstable statisticates resulted in 274 SLAs
(19%) showing missing values. We henceforth reference this data as AlNEY.sur

PHC RIS: PHC RIS makes data from their Annual Survey of Drgiavailable on their
website. This survey reports GP headcounts estimated from the sareelition to GP

FWE by DGP geography obtained from DoHA. One hundred and elevdps Di&re
surveyed in 2010-2011 and the response rate was 100%.We obtained FWE GPs as of 30 June
2010, and GP headcounts from the 2010-2011 survey at the scale of the DGR d38].
henceforth reference this as PHCRIS survey.

I ndirectly derived FWE data

Social Health Atlas: Data on the total number of servicesdbile GPs at the scale of the
SLA for the year 2009-10 was obtained from Social Atlas 203dcial Health Atlas data
can be downloaded from the PHIDU website [39]. The number of serdelivered in an
SLA was divided by the total number of services billed by trexaye FWE GP in 2009 to
obtain the approximate number of FWE GPs in an SLA. The numiserates billed by the
average FWE GP was obtained from the DoHA-Medicare data ildedcbelow. We
henceforth reference this data as indirectly derived FWE. F@lats are not publicly
available from Medicare at the SLA geography; hence we halieectly estimated these
numbers. Service numbers are obtained from Medicare by PHIDU themagiel request
from the agency.



Baseline custodian data for comparison

We wish to compare the above datasets with an “authority” or [theselataset. However,
as discussed earlier such datasets are not readily avaitadledstodians at fine geographic
scales, but FTES/FWEs can be compared against data avatlableeey coarse scale. GP
workforce data aggregated by state and by ASGC (Australiand&th Geographic
Classification) remoteness areas [40] for the year 2010 wdracted from the DoHA
website [41]. ASGC remoteness areas are categorical metricsality. Five categories of
remoteness ranging from “major cities” to “very remote”sexirhe categories reflect the
distance to and the size of the nearest population center [42].eFigultustrates the
geographical distribution of these areas. The DoHA statigicdsde all qualified GPs or
other medical professionals that provided at least one un-refeteedance under Medicare
[43] in 2010. Unreferred attendances include GP services that arelguoby qualified
medical practitioners who do not have a specific general peagtialification provided by
the two professional colleges overseeing GP training in Aust@iliae this definition of a
GP is broad, it is expected that it will reflect more Gp$eadcount than the other datasets.
However, this definition will only minimally affect measureskafE or FWE, because of the
small overall number of unreferred services provided by the additi@ial We henceforth
reference this data as DoHA baseline data.

Analysis

The above datasets are available as excel tables with retp@gaphical identifiers (such
as SLA Identifier). They were attached to relevant Gaalgic Information Systems (GIS)
geometries (ESRI, Environmental Systems Research Instituigefdbs) downloaded from
ABS. Since we wish to compare the datasets, it is necessacale the datasets to the same
geography when there is a scale mismatch. Concordance tabkeslovenloaded from the
DoHA website to upscale the data at SLA scale to DGP scale. Attributesadsd with SLA
groups, a geography used in the PHIDU data, were given equal welggmnisdecomposed to
constituent SLAs. SLA groups are specific to the PHIDU data aeré wreated to manage
small populations in some SLAs. Headcounts and total FTE/FWEs eeenputed for all
datasets, across states/territories, and ASGC remotenegprezd. DoHA baseline data
headcounts and FWEs were compared against headcount and FWE tothks ¥arious
datasets and percentage differences calculated. All analgsesascomplished with ESRI
ArcGIS [44] and/or the R statistical software.

At each scale, Pearson’s correlation coefficients wereuledéd between headcounts and
between FWE/FTE across datasets. Correlations between th& Ailivey and the other
datasets at the SLA scale were calculated for only thoge &ir which the AIHW survey
was not missing information. Thus the correlations exclude informé&ton the Northern
Territory. At each scale, correlations between the datasets also calculated within ASGC
remoteness categories. Data from the PHCRIS survey dre BIGP scale which encompass
multiple remoteness categories and are excluded from the wiCAcategory correlation
analysis. DGPs also occasionally cross state boundaries. TdatalEWE and headcount
sums within states, DGPs need to nest in them. To achieve Bigs vere decomposed to
their component SLAs, and SLAs that crossed state boundaries were discarded.

Table 2 summarizes the correlation analyses that were imaptech Since the GP
headcounts and FTE/FWEs are spatially autocorrelated, traditi@tats of confidence and
p-values would be biased. One measure of spatial autocorrelaltwras’s I, which ranges



from -1 (indicating perfect negative correlation between neighbdis (absence of
correlation) to +1 (perfect correlation between neighbors) [46jh& SLA scale Moran’s | is
0.33 (95% CI: 0.33, 0.34) for the AMPCo doctor list FTEs, 0.33 (95%CI: 0.32, 0.34) for
AmpCo headcounts and 0.34 (95%CI. 0.34, 0.35) for indirectly derived FWEs. Efron’s
bootstrap is one approach to estimating confidence intervalsarttadtare correlated, have
outliers, and/or violate other distributional assumptions [46]. Thus, cowckdatervals were
created by bootstrapping to overcome spatial autcorrelation. One tHaegdications were
evaluated, each calculating the correlation from a randomly edlseimple of 50% of the
observations. This generates a histogram of correlation coetéicigom which 95%
confidence intervals were calculated.

Table 2Each cell in this two by two table displays the datasets that are correlate
against each other for a given scale-attribute combination, where the two sealare SLA
and DGP, and the two attributes are headcounts and FTE/FWE

Attribute Headcounts FWE/FTE
correlated
Geographic Scale of
correlation
SLA AMPCo doctor AIHW survey,
list,
AIHW survey AMPCo doctor list,
Indirectly derived
FWE
DGP AMPco doctor  AIHW survey,
list,
AIHW survey, AMPco doctor list,
PHCRIS survey Indirectly derived
FWE
PHCIRS survey
Results

Comparing GP headcounts by rurality and states

Compared to baseline data from DoHA, the various datasets hallerdmeadcounts in all
regional categories. This is expected given the wider definitb@Ps used by DoHA based
on the provision of unreferred services rather than the qualificatiopsofassional role of
the doctor. The AMPCo doctor list data uniformly overestimailgssFover all categories of
rurality, except in very remote areas which suggests that eititeall part time GPs have
their status reflected in the APMCo data, or our assumption Dfim& as 0.5 of full time is
overstated, or quite probably boffthe PHCRIS FWE numbers are almost the same as the
DoHA numbers which is expected as they come from the same sdhe&TE measures
from the AIHW survey and the indirectly derived FWE data show allsmnumber of
FTE/FWE GPs in outer regional, remote and very remote amapated to the DoHA
published totals. The number of FTE GPs is same as the totalenwhisPs in both the
AMPCo and AIHW data in very remote areas, implying that gresented GPs in these
datasets in very remote areas report working full time.viedrestimates of FWE GPs from
PHIDU show relatively small deviations from the DoHA baselinWBs. The deviation



increases with increasing rurality. Headcounts and FTE/FWE bynssates/territories, are
provided in the Additional file 1: Table S1. The AMPCo doctor list and\WIsurvey data
show similar patterns as in Table 3, with smaller headcountstileaDoHA baseline data.
The indirectly derived FWE shows the largest deviation from tbeAdbaseline FWESs in
the relatively rural parts of the Northern Territory.



Table 3Headcount/FTE/FWE totals at different scales with percent deviationffom DoHA baseline figures
Overall Metro Inner Regional Outer Regional Remote Very Remote

Headcount FTE/FWE Headcount FTE/FWE Headcount FTE/FWE Headcount FTE/FWE Headcount FTE/FWE Headcount FTE/FWE

AMPCo doctor list (FTE)

Summed total 23,118 21,518 17,24515,959 3,984 3,752 1,6331,558 205199 51 51

% Difference from DoHA -13.1330.55 -5.1436.69 -22.4117.36 -30.77 16.88 -60.951.53 -87.68 -37.65

AIHW survey (Overall from registers, FWE from suyye

Summed total 21,817 18,623 16,53813,813 3,711 3,306 1,3211,259 192191 55 55

% Difference from DoHA -18.0212.99 -9.0318.31 -27.733.41 -44.00 -5.57 -63.42-2.55 -86.71-31.62

Indirectly derived FWE

Summed total 19,688 14,593 3,426 1,443 162 63

% Difference from DoHA -0.21 2.42 -6.56 -5.36 -22.10 -21.67

PHCRIS (Headcount from survey, FWE from DoHA)

Summed total 24,688 20,049

% Difference from DoHA -7.23 -0.02

DoHA 26,613 16,482 FTE 18,18011,675 FTE 5,1353,197 FTE 2,3591,333 FTE 525196 FTE 41481 FTE
19,729 FWE 14,248 FWE 3,667 FWE 1,525 FWE 208 FWE 81 FWE




Correlations between counts of GPs

In general, there is excellent association between the variosetatshowing that while the
levels of the estimates may vary the overall patterns leetM8sPs or between SLAs are
similar. When segmented by remoteness, small numbers in remadteery remote areas
mean that lower correlations are found, some of which are not saifiGenerally, both the
headcount and FTE/FWE attributes show strong significant cooredafTables 4, 5 and 6).
The correlations are preserved across scales. Since locdloveritend to smooth out at
coarser scales, correlations at the DGP scale are genkergér than at the SLA scale.
However, there is greater variation in correlations when the detasegmented by
rurality/remoteness. The strongest correlations are betweeAlHW survey data and the
AMPCo doctor list data. This is true for both the headcounts and tRent€asures. The
patterns of overall correlation observed across the datasetsciaeeally driven by the
correlations in urban and inner regional areas that contribute thtegiredegree of statistical
power and most observations to the overall estimate. For exampie, stale of the SLA,
there is an overall correlation of 0.88 (0.85-0.91) between AMPCo dastand AIHW
survey FTEs, with coefficients of 0.85 (95% CI: 0.81-0.89) in metro, 0.87-09249 in
inner regional and low of 0.52 (-0.42-0.91) in very remote areas. Gmmslawith the
indirectly derived FWEs are somewhat weaker.



Table 4 AIHW survey, AMPCo doctor list and indirectly derived FTE/FWE are correlated at the DGP scale
AMPCo doctor lig FTE
Metro Inner Regional Outer Regional Remote Very Remote Overall
Metro 0.97(0.95,0.99)
Inner Regional 0.93(0.81,0.99)
AMPCo doctor list and AIHW survey AIHW survey FTE Outer Regional 0.95(0.79,0.98)
Remote 0.83(0.55,0.99)
Very Remote 0.60(-0.89,1.00)
Overall 0.98 (0.96,0.99)
Indirectly derived FWE
Metro Inner Regional Outer Regional Remote Very Remote Overall
Metro 0.87(0.81,0.93)
Inner Regional 0.88(0.77,0.97)
Outer Regional 0.91(0.64,0.97)
Remote 0.82(0.56,0.99)
Very Remote 0.78(0.26,1.00)
Overall 0.90 (0.86,0.94)
AMPCo doctor lig FTE
Metro Inner Regional Outer Regional Remote Very Remote Overall
Metro 0.82(0.74,0.90)
Inner Regional 0.95(0.93,0.98)
Outer Regional 0.97(0.84,0.99)
Remote 0.97(0.80,1.00)
Very Remote 0.47(-0.80,0.98)
Overall 0.87(0.81,0.92)

Not shown in this table are overall FWE/FTE correlations betwedahe PHCRIS survey and AIHW 0.82 (0.74, 0.88), PHCRIS survey,
AMPCo doctor list 0.81 (0.72-0.88), PHCRIS survey and indirectly derived FWE 0.87 (0.80, 0.92)

Indirectly derived FWE and AIHW survey AIHW survey FTE

AMPCo doctor list and Indirectly derived FWE Indirectly derived FWE




Table 5 AIHW survey, AMPCo doctor list and indirectly derived FTE/FWE are correlated at the SLA scale

AMPCo doctor list FTE

Metro Inner Regional Outer Regional Remote Very Remote Overall
Metro 0.85(0.81,0.89)
Inner Regional 0.87(0.78,0.94)
AMPCo doctor list and AIHW workforce survey AIHW survey FTE Outer Regional 0.74(0.64,0.82)
Remote 0.58(0.38,0.93)
Very Remote 0.52(-0.42,0.91)
Overall 0.88 (0.85,0.91)
Indirectly derived FWE
Metro Inner Regional Outer Regional Remote Very Remote Overall
Metro 0.83(0.79,0.88)
. Inner Regional 0.79(0.70,0.89)
Indirectly and AIHW workforce survey AIHW survey FTE Outer Regional 0.74(0.64,0.82)
Remote 0.63(0.49,0.89)
Very Remote 0.38(-0.64,0.83)
Overall 0.84 (0.81,0.88)
AMPCo doctor lig FTE
Metro Inner Regional Outer Regional Remote Very Remote Overall
Metro 0.74(0.69,0.78)
. . . ) . Inner Regional 0.86(0.80,0.93)
AMPCo doctor list and Indirectly derived FWE Indirectly derived FWE Outer Regional 0.86(0.77,0.92)
Remote 0.86(0.52,0.97)
Very Remote 0.35(-0.48,0.96)

Overall 0.77 (0.74,0.81)




Table 6 AMPCo doctor list and AIHW survey headcounts are correlated at DGP and SLA sde

AMPCo doctor list headcount

AMPCo doctor list and AIHW survey at DGP scale

AMPCo doctor list and AIHW survey at SLA scale

AIHW survey headcount

AIHW survey headcount

Metro Inner Regional Outer Regional Remote Very Remote Overall
Metro 0.98(0.96,0.99)
Inner Regional 0.94(0.80,0.99)
Outer Regional 0.97(0.82,0.99)
Remote 0.81(0.52,0.99)
Very Remote 0.38(-0.90,1.00)
Overall 0.98 (0.95,0.99)
AMPCo doctor list headcount
Metro Inner Regional Outer Regional Remote Very Remote Overall
Metro 0.85(0.81,0.90)

Inner Regional
Outer Regional
Remote

Very Remote
Overall

0.89(0.79,0.95)
0.74(0.61,0.83)
0.57(-0.16,0.76)
0.30(-0.72,0.89)
0.87 (0.84,0.90)




Discussion

Our findings in context

The United States, Canada and Australia face unique challengégitophysician and
General Practitioner workforce [8,47]. An increasing number of playscare women who
seek an optimal work-life balance and may work part time [48].|Rweas face existing and
new challenges to the GP workforce. Unless GP datasetst rigiése changes, analyses of
relationships between access to GPs and health outcomes shall be biasetiomdiifielient
spatial datasets may not be in agreement with each othere§rarch shows, for the first
time, that in the Australian context major sources of GP workfdata are in general
agreement with each other at two geographic scales. We showndilatg list data are
comparable to workforce information derived from surveys or iotyrederived from
datasets released by data custodians.

Our analyses also underscore the particular nature of theo@&ovece in rural and remote
Australia. This is the one case where the use of data froeradiff time points may have
reduced the measured correlations, as in SLAs with few doctarsi@ase or decrease of
one doctor between years may be material and may influéeceotrelations. There are
however other factors influencing the correlations in the maoretes areas. Firstly, as the
private mailing list and the AIHW FTE measures are based @tidocof principle practice
each GP is counted only once even if they work in multiple areass e DoHA FTE
measures reflects the total number of services from GPsmwpoirkithe area (from the MBS
data). In rural areas, more services are provided by locumoGEantracted fly-in fly-out
services [8,35]. Also, many rural GPs work full time, but only paré as GPs in the private
system under Medicare, with much of the remainder of their tpeatan public hospitals
[8]. The AIHW and AMPCo data are thus unable to capture the largéeruofh part time
GPs in rural and remote areas.

Our indirectly derived FWE measures are based on numbers ofesewhile the DoHA

FWEs are derivations based on service dollar values, if ruralp@Rele a wider range of
services and longer consultations than urban GPs then in the rasaWwaravould expect the
indirect measures (which are based on number of services) to &etham the formal DoHA

FWE measures. It is likely that the issues of data qualityiial Australia are applicable to
the United States and Canada. However, as discussed earlidrabdreen minimal effort to
compare the relative quality of geographic GP and physiciarsetatan any of these
jurisdictions. Problems with geographic data from rural aneake United States are well
known and have been shown to bias analyses of relationships with heattmesitwr causes
losses in statistical power [49].

Other sources of GP data in Australia

While our analyses were implemented on a specific set ofitleganportant to note that GP
data are also available from the Australian Bureau of Stati¢fiBS) and certain internet
directories. The publicly available version of data releaseAB$ aggregates GPs, junior
doctors and other doctors in training (such as registrars and )ntexadcounts at small
geographies. These aggregates coded as “Generalist Medicatiétrers” by the Australian
Standard Classification of Occupations (ASCO), code number-2311, avextesbverall GP
numbers by as much as 50% and is not a comparable enumeration ofwwek&iPce [50].



Also, certain internet based databases of health relatabltcauch as physician clinics and
practices provide some limited GP information. However, these sataces are of
guestionable quality and are often incomplete. A further data soumcé will be relevant
for future analysis will the Australian Health Professionsi®eaion Authority (AHPRA)
which holds data on all registered medical professionals arth lgafessionals in a range
other professions. The data is not analyzed here as it has enlyabailable for 2012 and it
reflects only headcounts at the level of principal private peclihese data are also publicly
available from Health Workforce Australia, an Australian govemiragency at the Local
Government Areas which are comprised of one or more SLAs. The Nationdi Bealttory
Service also collates and publishes information about various agpebis health services
system and workforce.

The difficulty of obtaining locally relevant quality spatial GP data in Australia

Our research underscores the need for authority data at adegogr@pic resolutions.
While national workforce registrars such as AHPRA are a soofcbaseline data, the
ultimate data custodians of Australia’s universal healthcareerayare DoHA and DHS.
These agencies do not generally publicly release FTE GP tdstalas smaller than that of
the state which are of limited if any use at all in a gaplgic analysis [21], although very
occasionally data at fine scales are released on spexijfiest for some research [9,22] and
reports [23]. Contrast this, for example, with the CIHI datalasganada and the resulting
research [16,17], research with US-AMA data [10,11,51,52] in the Unitezs siatGP data
in New Zealand [53,54].

Local health agencies often benefit from the use of geographfoamation systems based
planning and delivery [51]. In July 2011, the Australian Government crededicare
Locals”, a set of 61 geographically bounded networks of primaajthoare organizations
created for better delivery and organization of primary heaéhat alocal scale [55].
However, geographical analyses cannot be done at a local sttedediita that are supposed
to drive these analyses are at coarse scales such asrgpattcode [21]. Better resolution
data will help researchers and policy makers map community ¢@eographic variations
within Medicare Locals. Medicare Locals are comparable tma&yi Care Trusts in the
United Kingdom, which serve the function of organizing geographidaliplized care.
However, a researcher interested in analyzing workforce iafitom within Primary Care
Trusts has access to high quality practice level data, geododer individual latitude
longitude in addition to a host of other information on the practices and GPs [18,19].

In the absence of suitable custodian data in Australia, redsea and policy makers will
frequently choose to utilize privately available data sources. One such daghsdéfers good
geographic resolution are mailing list data from AMPCo. Howegewyith any mailing list
data, there are a number of shortcomings that need to be addressest Bhertcoming is
the coarseness of workload information. While mailing list data in the UniteesSidhe US-
AMA master file) does not incorporate any workload information tedgever, full time or
part time information is available from the AMPCo doctor listaddlowever, coding part
time GPs as 0.5 time, overestimates FTE GPs relative to Du#dAline data. This implies
that a number of part time GPs in the AMPCo mailing list eladek at most less than half
time. A second shortcoming is that it is not known to what extent @dailing addresses
reflect locations of GP practices and not GP residences aratessses. In the US context
this difference is known to be significant and may potentially &raanalysis [56]. Finally,



GPs are located to a single address and no information on sharédeplacations was
available on our version of the dataset.

Other limitations

At the time of writing this paper, census ABS (2006) geographids asISLAS are being
transitioned to new geographies (2011) such as SA2 (Statistical2Atender the Australian
Statistical Geography Standard (ASGS) census geography echghile SA2s have an
average of 10,000 people compared to 14,000 per SLA, the SA2s are specigihedles
census geographies while the SLAs were based on administregeveLancal Government
Area) boundaries. Also, General Practice Networks have been itaeditto Medicare
Locals. While these transitions reflect significant changebe organization of census data
and local health networks, they are unlikely to influence the tstatisorrelations reported in
this paper. If anything we expect the correlations to be graatitie scale of the Medicare
Local given their much larger size relative to the DGPs.

Our results show that the available GP datasets are highblated across scales. Thus if a
researcher were correlating or regressing GP densitigssafaalth outcomes using any of
the datasets discussed in this paper, doing so at SLA or DGB shal@d produce similar
results. However, there are two important caveats that must tekée into consideration.
When two GP datasets (headcounts or FTES) show a high “globedtatmn over Australia,

it does not imply that these correlations shall be equally higiss@mall local areas. Thus,
for example, two datasets may display very high correlation inparteof the country, but
low correlation in another part, even though the overall ‘globaletation may remain high.
When a single summary statistic such as a correlationiceeffis reported for an entire
nation, local geographical variations in the statistic are ctectesVhile we address this
issue to some extent by calculating different coefficients difeerent remoteness/rurality
categories, this approach may be supplemented in the future witloaapbps that
conceptualize space as a continuous surface. In this approach, fepsi’ are used to
visualize regions where two datasets are least (or mostgrieerment. For example,
McLafferty et al. [56] create two maps of physician densiiyn two different datasets, and
then subtracts one map from the other. The resulting error heatlloas McLafferty et al.
to generate hypotheses on the drivers of data disagreement. Amgiheaic to unpacking
these relationships requires the use of Geographical Analyschniques such as
Geographically Weighted Regression (GWR) which is a topic for furtheares [57].

The second caveat to note is that there is considerable mabiitywgst GPs that is not
obvious from our analysis. As the AIHW data are from 2007 while thaireler are from
2009-2010, we expect a number of GPs in the AIHW data to have moved terdiféeales
by the time the other datasets were created. In spite ofhigls,correlations are observed
between the AIHW and other datasets. There are two reasonssfdfitbt, GPs moving out
of a locale are replaced to some extent by GPs moving in. Secateinajic geographic
patterns of GP movements are less visible in large geogragpinbsas the SLA than in
smaller geographies. Thus the results of these analyses shoub@ m@nslated to finer
scales.



Conclusion

We have compared various General Practitioner datasets irakaisthese datasets are well
correlated at the Statistical Local Area or Divisions of €éahPractice scales. However,
caution must be exercised in evaluating and interpreting assosiati rural and remote

areas. Similar analyses can and should be implemented in juasdi¢tiat have multiple

sources of GP or physician data to appropriately inform health serviceshessar

Endnotes

®Some GPs practice at multiple addresses over a time period

PUS Medicare serves individuals older than 64, and a small number ofdishbilities and
conditions in the general population. Not all physicians accept Mediedients, thus not all
physicians are represented.

‘We call the American AMA as US-AMA to distinguish it frothe Australian Medical
Association

%While Scott's Medical Database is privately sourced, it is bought by &ihtlially
°The Australian General Practitioner's Network or AGPN
'Australia introduced a single national physician registration body in 2010

92010-11 data was not available at the time of writing this paper
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