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A B S T R A C T

Background: Despite the importance of pathology testing in diagnosis and disease monitoring, there is little in-
depth research about pathology test ordering in general practice and how it impacts patient outcomes. This is in
part due to the limited availability of high-quality data. With the now-widespread use of electronic software in
general practice comes the potential for electronic patient data to be used for research leading to better un-
derstanding of general practice activities, including pathology testing.
Objectives: This study aimed to examine the usefulness of electronic general practice pathology data to: (1)
identify patients’ characteristics, (2) monitor quality of care, (3) evaluate intervention effects, (4) identify
variations in patient care, and (5) measure patient outcomes. An exemplar study evaluating kidney function
testing in type 2 diabetes mellitus (type 2 diabetes) compared to guidelines was used to demonstrate the value of
pathology data.
Materials and methods: De-identified electronic data from approximately 200 general practices in Victoria were
extracted using Outcome Health’s Population Level Analysis & Reporting (POLAR) Aurora research platform.
Our study population included patients ≥18 diagnosed with type 2 diabetes before July 2016. Data from July
2016 to June 2018 were used to i) determine frequency of kidney function tests (KFT), and ii) identify whether
antihypertensive medications were prescribed for abnormal KFT results.
Results: There were 20,514 active patients with type 2 diabetes identified from the data. The age and gender
standardised estimate of diabetes prevalence was 4.9%, consistent with Australian estimates (5.2%).
Sociodemographic features of prevalence, including higher prevalence in older males, were also consistent with
previous Australian estimates.

Kidney function testing was performed annually, as recommended by guidelines, in 75.7% of patients, with
higher annual testing observed in patients managed under general practice incentive programs (80.1%) than
those who were not (72.2%). Antihypertensive medications were prescribed as recommended in 77.4% of pa-
tients with suspected microalbuminuria or macroalbuminuria based on KFT results.
Discussion: Evaluations using data from diabetes patients in this study illustrate the value of electronic data for
identifying patients with the condition of interest (e.g. type 2 diabetes) along with sociodemographic char-
acteristics. This allows for the ability to undertake analyses on pathology testing factors and the identification of
variation compared to guidelines, which has a potential to ensure quality of care. Its potential to identify as-
sociations with incentive programs further demonstrates the advantages of the data’s longitudinal nature. These
include the ability to assess temporal order and time interval of tests as a marker of quality of monitoring and
evaluate intervention effects on a cohort over time. Finally, analyses on antihypertensive medication prescribing
in patients with suspected micro/macroalbuminuria exemplified the electronic data’s usefulness in monitoring
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patient outcomes, such as appropriate prescribing based on pathology test results.
Conclusions: Electronic general practice data is an important resource which can provide valuable insights about
the quality use of pathology. There are clear benefits to patients for better monitoring, and consequent better
outcomes, and to inform policymakers about the best ways to channel resources to enhance the quality of care.

1. Introduction

General practitioners (GPs) play a key role in the Australian
healthcare system, with 87% of Australians visiting their GP at least
once a year [1]. The volume of pathology ordering in general practice
has grown in the past decade [2] and currently, general practice ac-
counts for 70% of the use of public funded pathology services in Aus-
tralia [3]. Despite the significant implications of pathology testing on
patient diagnosis and outcomes in general practice, in-depth analysis to
evaluate specific tests/conditions and patient outcomes has not yet
been possible due to limited availability of high quality GP datasets [4].
General practice activity has previously only been reported as ag-
gregated data from self-reported cross-sectional surveys [5].

The now-widespread use of electronic patient software in general
practice has introduced the potential to use this data as a research
source for studying general practice activities. The collection and ag-
gregation of standardised general practice data in data repositories is
increasing, with data now being mined and linked for audit and eva-
luations in Australia [6]. In Victoria, Outcome Health collaborates with
six Primary Health Networks (PHNs) [7] across Australia to collect de-
identified patient data from general practices, and is a custodian of the
dataset. PHNs are independent primary health care organisations lo-
cated throughout Australia, funded by the Australian government to
address the prioritised primary health care needs of their communities
and to improve efficiency, effectiveness and coordination of care. The
data custodian provides PHNs with tools to evaluate aggregated patient
data for population health and evaluations [8].

The pooled data can offer a wealth of diagnostic information re-
corded at the point of care. It provides a rich source of information to
investigate the role of pathology testing on patient outcomes in general
practice, which has not been widely studied in Australia. The secondary
use of pooled electronic data from general practice is still limited in
Australia, partially due to concerns about data access and the lack of
sufficient informatics capabilities to support linkage and data quality
metrics [9].

This study aimed to demonstrate the value of general practice data
for measuring the quality care delivered to patients, demonstrated
through an exemplar study evaluating how pathology testing patterns
for type 2 diabetes mellitus (type 2 diabetes) patients compared to
guideline recommendations. The study will examine several important
aspects of the electronic pathology data, including its ability to: (1)
identify patients’ characteristics, (2) monitor quality of care, (3) eval-
uate intervention effects, (4) identify variations in patient care and (5)
measure patient outcomes.

2. Methods

2.1. Data collection

The data presented in this study involved approximately 200 gen-
eral practice activity across three PHNs in the state of Victoria,
Australia. The networks deliver healthcare to over three million
Australians living in metropolitan Melbourne as well as rural regions,
an area which accounts for more than a half of the Victorian popula-
tion. While the study sample is not representative of the whole
Australian population, substantial similarity in the demographic pat-
terns of patient populations with the national GP survey data [5] has
been previously reported [10].

Outcome Health, as data custodian, routinely gathers electronic

patient data from general practice clinical information systems (CIS)
into the Population Level Analysis & Reporting (POLAR) Aurora re-
search platform in a de-identified format. For this study, data relating to
our research aim available in POLAR, were extracted for the period of
July 2016 to June 2018.

Outcome Health obtained ethical approval to use de-identified data
extracted from general practices within this network for research pur-
poses (The Royal Australian College of General Practitioners (RACGP)
National Research and Evaluation Ethics Committee (NREEC) 17-008).
Ethical approval for data access and analysis for the study was also
obtained from Macquarie University Human Research Ethics
Committee (5201700872).

2.2. Data elements

The data extracted from POLAR primarily consisted of three data-
sets: provider, practice, and patient information (Table 1). Practice data
contained each practice’s affiliated PHN. Provider data included the
occupation types of staff who enter data in patient records at a practice
including both clinical and non-clinical professionals (e.g. GP, nurse,
occupational therapy, administrator). Patient information consisted of
six independent datasets, which were patient demographics, visit, ser-
vice, diagnosis, pathology testing, and prescription (Table 1). While
both clinical and non-clinical staff have access to and can record visit
and service data for administrative purposes such as booking manage-
ment and service payment, clinical information (i.e. diagnosis, pa-
thology, prescription) is primarily managed by clinical staff. All prac-
tice, provider, and patient datasets were de-identified.

2.3. Analyses for patients with type 2 diabetes

2.3.1. Background of type 2 diabetes in Australia
In Australia, approximately 5% of adults are estimated to have type

2 diabetes [13]. Type 2 diabetes is associated with complications such
as cardiovascular and kidney diseases, which are associated with higher
mortality rates when compared to the general population [14].

The Australian GP and diabetes guidelines [15–17] recommend
annual kidney function monitoring for type 2 diabetes patients, due to
the high risk of kidney disease for people with diabetes. Pathology tests
that can indicate kidney function are albumin-creatinine ratio (ACR) or
the estimation of the glomerular filtration rate (eGFR). These guidelines
also recommend the use of antihypertensive medications, specifically

Table 1
Summary of data elements.

Information Dataset Key elements*

Practice Practice Affiliated PHN
Provider Provider Occupation type
Patient Demographics Year of birth, year of death, gender, postcode

Visit Provider ID, visit date, visit type
Service Medicare item number, service date
Diagnosis SNOMED-CT-AU texts, created date
Pathology Test name, order date, result date, value, unit,

abnormality, LOINC code, pathology group
Prescription Medicine name, frequency, repeats, dose,

quantity, script date, ATC code

*SNOMED CT-AU; the Australian edition of the systematised nomenclature of
medicine, clinical terms [11], LOINC; Logical Observation Identifiers Names
and Codes [12], ATC; Anatomical Therapeutic Chemical classification.
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angiotensin-converting enzyme inhibitor (ACEi) or angiotensin II re-
ceptor blocker (ARB), to protect against progression of kidney disease if
the ACR result (≥ 2.5 mg/mmol for males and 3.5 mg/mmol for fe-
males) is abnormal and confirmed for microalbuminuria or macro-
albuminuria.

The annual kidney function test is a part of a practice-level incentive
program called service incentive payment (SIP). SIP is a financial in-
centive to GPs provided by the Australian government for the purpose
of strengthening the provision of health care in certain conditions (e.g.
diabetes and asthma care) in general practice [18].

2.3.2. Study data and patients
Those eligible for inclusion in this study were diabetic patients aged

18 or older at 2016, with a first recorded diagnosis of type 2 diabetes
before July 2016. The diagnosis of type 2 diabetes was identified from
SNOMED-CT-AU in the diagnosis dataset. Laboratory data for ACR and
eGFR were extracted from the pathology result dataset based on test
name. To identify prescriptions of ACEi and ARB antihypertensive
drugs, medications under the categories of ATC C09A – C09D in med-
ication dataset were selected.

2.3.3. Analysis methods
An initial descriptive summary compared the observed proportion

(i.e. prevalence) of patients with type 2 diabetes in the Victorian PHN
sample to the national self-reported data from the Australian Institute
of Health and Welfare (AIHW) report [13]. The observed prevalence
was age and gender standardised by using the 2018 Australian popu-
lation for the comparability with the 2018 national data [19]. We then
evaluated the frequency of kidney function monitoring in diabetic pa-
tients in relation to guideline recommendations across patient and
practice levels.

At the patient level, the average interval of kidney function tests
during the study period was computed to identify whether the mon-
itoring test was performed annually (≤365 + 31 days). A proportion of
patients who had annual testing was then examined by socio-demo-
graphic indicators and whether the patient was managed as part of a
SIP program, to examine possible effects of these factors on monitoring.
Patients under the program had the Medicare Benefits Schedule (MBS)
item numbers (2517-2526, 2620-2635) recorded in their service data.

Microalbuminuria or macroalbuminuria cases were estimated by
examining albumin-creatinine ratio (ACR) results in patients who had
the test during the study period. A patient with an abnormal result was
considered as a potential case for microalbuminuria or macro-
albuminuria in this study since additional tests are generally re-
commended by the guidelines to confirm microalbuminuria or macro-
albuminuria after an abnormal ACR result.

Investigations at the practice level were undertaken by calculating
the proportion of annually monitored patients in a practice. A funnel
plot was used for the purpose of assessing variation of monitoring
performance by practice. This plot was useful to show an observed
indicator (the percentage of patients with annual kidney function test in
this case) against a measure of its precision (sample size) (20) and to
visualise variation in the indicator. In a funnel plot, 95% and 99.8%
control limits corresponding to two and three standard deviations (SD)
from the mean were plotted to define practices that differ significantly
from the mean. The funnel plots also illustrate the impact of general
practice size. Practice size was defined by small (≤5 GPs), medium
(6–10 GPs), or large (> 10 GPs). The cut-off points of the number of
GPs approximately corresponds to the 1st and 3rd quantile of GP po-
pulation in practice. All analyses were performed in R (version 3.4.1).

3. Results

3.1. Data quality assessments

A series of steps for data quality improvement and validation were

required before carrying out analyses. First, missing service dates and
duplicates in the raw data were excluded to remove nuisance data.
Next, the direct-interaction visit records (e.g., encounter, surgery,
locum services) recorded by GPs were selected from visit dataset, as this
dataset contained a mixture of clinical and non-clinical encounters
(e.g., phone inquiry to a receptionist). We then selected practices that
had a full set of visit, prescription, pathology, and diagnosis datasets
throughout the two-year study period. This ensured data consistency as
there were practices where data were intermittently extracted and had
no data yielded at some points in time.

Lastly, patients who regularly attended a general practice were se-
lected. In the extracted data, each patient was given a unique de-
identified number for each general practice visited. There is a possibi-
lity that patients were double counted if they attended different prac-
tices within the dataset. To minimise this, we only included active
patients, defined by the RACGP [21] as patients who had attended the
practice three or more times in the past two years at the time of visit.
The process of limiting to active patients resulted in the exclusion of
585,487 patients from 1,601,829 patients (approximately 35%) in the
original extracted data.

3.2. Linkage with external resource for additional information

While some of the key socio-demographic indicators such as re-
gional socio-economic status (SES) and remoteness of residential loca-
tion, were not present in the extracted data, it was possible to infer
them through linking patient postcodes with the public census data. In
this study, the Index of Relative Socio-economic Advantage and
Disadvantage (IRSAD) from Census of Population and Housing: Socio-
Economic Indexes for Areas (SEIFA) [22] and Australian Statistical
Geography Standard from Australian Bureau of Statistics [23] were
linked to map patients’ SES and residential remoteness, respectively.

3.3. Characteristics of patients with type 2 diabetes

There was a total of 333,568 active patients identified during the
study period, of which 20,514 (6.1%) had a diagnosis of type 2 diabetes
(Table 2). The crude estimate of prevalence in the Victorian PHN
sample was close to the national self-reported data from the AIHW
(6.0% by the crude estimate). A similar pattern was seen for the age and
gender standardised estimate (to the Australian population in 2018),
which was 4.9% in our Victorian sample vs 5.2% for AIHW data. Si-
milarities in the age and gender specific prevalence further illustrates
the consistency in the distribution patterns between the two data
sources (Fig. 1).

Table 2
Estimated prevalence and socio-demographics of patients with type 2 diabetes
in the study period.

Study data AIHW

Patients Diabetes % (std)* % (std)*
(N) (n)

Total 333,568 20,514 6.1 (4.9) 6.0 (5.2)
IRSAD
1 / Most disadvantaged 35,365 2,964 8.4 (6.0) 7.0
2 24,638 1,965 8.0 (5.7) –
3 65,904 4,477 6.8 (5.2) –
4 81,578 4,870 6.0 (4.5) –
5 / Most advantaged 125,317 6,189 4.9 (3.3) 3.3
Remoteness
Major Cities 278,108 16,088 5.8 (4.3) 4.8
Inner regional 47,076 3,430 7.3 (4.8) 4.2
Outer regional/remote 7,410 923 12.5 (7.1) 6.0

*Std: Age and gender standardised percentage to the 2018 Australian popula-
tion.

C. Imai, et al. International Journal of Medical Informatics 141 (2020) 104189

3



The prevalence characteristics by other sociodemographic variables
– SES and remoteness – are presented in Table 2. Similar to AIHW data,
we observed the highest prevalence of type 2 diabetes in the lowest SES
population (6.0%), and the lowest prevalence in the highest SES po-
pulation (3.3%). By remoteness, patients residing most remotely (i.e.
outer regional / remote areas) had the highest disease prevalence
(7.1%), which was also consistent with the national self-reported data
from the AIHW.

3.4. Annual kidney function test at patient level

Among the total of 20,514 patients with type 2 diabetes, 18,517
patients (90.3%) had at least one kidney function test during the study
period. Of those patients who had testing, 2219 patients (10.8%) were
tested once and 15,530 patients (75.7%) were tested within a year as
per recommended best practice.

Table 3 summarises patients tested annually. There was no differ-
ence in the proportion of annually tested patients by gender, but the
proportion increased by age, with the lowest proportion of annually
tested patients in the youngest sample group (60.7% aged 18−44) and
the highest proportion aged 75+ (79.1%). The proportion of annually
tested patients was also found lowest (60.2% by standardised estimate)
in the group with the highest socio-economic advantage.

To evaluate potential effects of an incentive program (cycle of care)
on annual kidney function test in diabetic patients, a cumulative plot
(Fig. 2) was also used. Fig. 2 shows that the group of patients included
in the incentive program had a higher proportion (80.1% at 12 months)
that completed the annual test when compared to those not included
(72.2% at 12 months).

Based on the results of kidney function tests in 18,517 patients, we
further identified a total of 13,819 patient with ACR tests, of which
4,494 patients in who had abnormal levels of ACR and were suspected
of having microalbuminuria or macroalbuminuria (Table 4). Among the
patients with suspected microalbuminuria, 77.5% had prescriptions for
ACEi or ARB antihypertensive medications during the study period,
while the prescription rate was 81.3% for the patients with suspected
macroalbuminuria. Overall, 78.7% of patients with suspected micro-
albuminuria or macroalbuminuria had prescriptions of the anti-
hypertensive medications.

3.5. Kidney function monitoring at practice level

Using the aggregated data at the practice level, a funnel plot (Fig. 3)
was used to illustrate potential variations in monitoring diabetic pa-
tients by practice. There were several practices beyond the 95.0% and
99.8% control limits which indicates their patients’ annual monitoring
performance was significantly different (i.e. better or poorer) from the
average. There were no systematic patterns by practice size in the
variation.

4. Discussion

This study is one of the first involving large-scale electronic general
practice data in Australia. The strengths of the data included its

Fig. 1. Age and gender specific prevalence of type 2 diabetes. The dotted lines represent the overall prevalence standardised to the 2018 Australian population.

Table 3
Socio-demographic characteristics of the median time intervals (months) of
HbA1c testing in July 2016–June 2018.

Patients with annual
kidney function tests

Total Yes % (std)*

Overall 20,514 15,530 75.7 (67.0)
Age
18−44 842 511 60.7
45−54 2,066 1,393 67.4
55−64 4,349 3,159 72.6
65−74 6,439 5,075 78.8
75+ 6,818 5,392 79.1
Gender
Female 9,387 7,079 75.4
Male 11,123 8,449 76.0
IRSAD
1/most disadvantaged 2,964 2,336 78.8 (67.8)
2 1,965 1,526 77.7 (67.1)
3 4,477 3,422 76.4 (70.2)
4 4,870 3,648 74.9 (69.3)
5/most advantaged 6,189 4,559 73.7 (60.2)
Remoteness
Major cities 16,088 11,964 74.4 (65.9)
Inner regional 3,430 2,808 81.9 (72.9)
Outer regional / Remote 948 720 75.9 (66.9)

*Std: Age and gender standardised percentage to the 2018 Australian popula-
tion.
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longitudinal nature, its comprehensiveness, large sample size, and its
depth and reach with availability of demographic features of popula-
tions that span large geographic regions including both urban and re-
mote regions. The analysis of type 2 diabetes revealed several important
properties of the data, demonstrating its usefulness and potential ap-
plication to other research.

First was the ability to articulate patient characteristics. This study
demonstrated that the general epidemiology of diabetic patients, such
as standardised prevalence and age-gender distributions, can be used to
compare with other populations- in our case, the national survey data.
We further performed an in-depth analysis on the demographic char-
acteristics of patient with annual kidney function testing in order to
identify a particular population when improvement may be required.
The depth and comprehensiveness of the electronic data allows us to

identify patients with the disease or condition, pathology test, or
medication of interest using the clinical information. These patients can
then be characterised further by linking socio-demographic features
(e.g. age, SES, and remoteness). The electronic data offers great effi-
ciency to characterise patients at various depths ranging from overall to
populations with specific characteristics.

Secondly, evaluations of kidney function test frequency in diabetic
patients exemplified the ability to monitor quality of care. The long-
itudinal nature of the data enabled us to look at the temporal order of
events, and measure frequency and time interval at the patient level, as
a marker of quality of monitoring. Here, we compared the time interval
of kidney function testing in Victoria to guideline recommendations
[15–17]. The longitudinal data also presented the opportunity to con-
duct a cohort study to evaluate incentives or interventions, including
SIP incentives for cycle of care for diseases, and their impact on patient
outcomes (e.g. monitoring frequency). Electronic pathology data can
thus be used to undertake evaluations of pathology use for screening,
monitoring, diagnosis, and treatment in accordance with guidelines as
well as intervention evaluations, which facilitates benchmarking policy
and guidelines.

Having been collected from numerous practices, the electronic data
also offers the opportunity to measure practice variations in patient
care. Our analysis demonstrated variation in kidney function mon-
itoring performance at the practice and practice size levels. This points
out the ability of the electronic data to explore potential reasons for
unrecognised variations as a means of investigating equity in access,
resources, and outcomes for patients across general practices.

Finally, the electronic dataset proved valuable for measuring patient
outcomes. Subsets of patients (e.g. patients with micro/macro-
albuminuria) could be identified due to the holistic nature of the data
and inclusion of linked prescription data. The comprehensiveness of the
data facilitates the monitoring of outcomes of interest, including ap-
propriate prescription of certain medications such as ACEi or ARB based
on pathology test results.

While usefulness of electronic pathology data from general practice
was evident, we also identified areas requiring further improvement for
the data to be used to its full potential in research. One was the data
complexity caused by unstandardised data coding and the different
information systems and software used within and across practices
[24]. To make it more organised and efficient by systematic coding, the
diagnosis and prescription data extracted from electronic data by
POLAR have been mapped by systematic coding using SNOMED CT-AU
and ATC [25]. However, pathology data, for which the standards for
measurement and classification of tests are not well defined despite
efforts of projects such as LOINC [12], remain highly intricate and lack
structured coding. Consequently, our diabetes analyses required con-
sideration of coding variations (e.g. variations of acronym, abbrevia-
tion, spelling) in test name within the pathology field when identifying
the relevant tests [26]. Re-computing pathology results in a consistent
unit was also required (e.g. mg/g and mg/mmol were present as ACR
units). Thus, inconsistent and complex coding raise the possibility of
under-reporting of exposures and outcomes, and therefore unintended
exclusion from the analyses. To increase its usability and robustness,
pathology data based on general practice electronic data requires ef-
forts in coding standardisation of pathology tests for further improve-
ment in data integrity [27].

Electronic general practice data is also limited in its capacity to
identify clinical activities (e.g. specialist care) outside general practice.
As a result, activities such as pathology testing and prescriptions pro-
vided outside general practice are missing from our analyses. Although
part of the reason for this is existing serious public concerns about
privacy and data security as well as a lack of informed consent relating
to the use of identifiable patient records [28], the ability to link across
data from different healthcare entities has tremendous value. Linkage
with electronic data across primary care, hospitals, and specialists will
allow for assessments of the complete sequence of patients’ care,

Fig. 2. Cumulative proportion of patients with and without SIP by mean time
interval of kidney function test.

Table 4
ACEi and ARB prescription rates for type 2 diabetes patients with suspected
microalbuminuria or macroalbuminuria.

ACEi or ARBs Microalbuminuria Macroalbuminuria Total

Prescribed 3,578 916 4,494
Not prescribed 1,036 210 1,246
Prescription% 77.5% 81.3% 78.7%

Fig. 3. Funnel plot for practice monitoring performance. The proportion of
patients who had kidney function tests annually in each practice was used as an
indicator of monitoring performance. Solid and dashed lines denote 95.0% and
99.8% control limits, respectively.
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including patients’ medical history, disease progression, and also ade-
quate use of healthcare resources [29].

Despite the challenges of electronic pathology data from general
practice, the data contains a wealth of information and its use for re-
search has a significant potential to inform quality improvement ac-
tivities through supporting evidence-based testing, policy, and service
delivery in general practice. There are also some advantages over other
research data sources such as GP surveys in Australia, which were cross-
sectional and relied on health professionals to provide data [30].
General practice CISs collect all activity and patient data directly from
general practices at the time of service, thus the resulting electronic
data provides all historical data without recall biases. Furthermore, the
enormous number of patients combined in a pooled electronic data
facilitates a sufficient sample size for cohort studies, which is especially
beneficial for investigating specific diseases or conditions. Only 5% of
GP patients in Australia have type 2 diabetes [13], and we had access to
data from more than 20,000 diabetic patients due to the large size of
the electronic dataset. Data obtained from general practice is a critically
important resource which can provide valuable insights into the quality
use of pathology use in Australian general practice at a much higher
depth than previously possible.

5. Conclusions

While electronic data extracted from general practice has some
features that require improvement (e.g. intermittent and duplicates
data and unsystematic coding in pathology data), our study demon-
strated that the quality and reliability of these data can be enhanced by
undertaking a strategic process of data quality assessments. The careful
preparation and interpretation of general practice data will maximize
the usability of electronic pathology data as a versatile resource by
which longitudinal and cohort studies can be pursued, leading to a
better understanding in the use of pathology testing in general practice.
The findings from the electronic pathology data supports general
practice and policymakers to benchmark and identify problems and to
enhance the quality of care, consequently benefiting patients through
better care outcomes.

6. Authors' contributions

AG initiated the project and led the development of the Quality Use
of Pathology Program grant proposal for this study. AG, JIW, CP are
chief investigators on the project and have contributed to the grant
proposal. AM and CP developed the data collection system POLAR and
contributed their expertise in electronic health data. KT contributed to
the development of the exemplar study. CI developed the design of this
paper, extracted data, performed data analysis, interpreted findings,
and drafted the paper. R-AH contributed to the development of the
design of the study, the grant proposal, and drafting of the paper. GS
and GSF assisted data extraction and contributed to data preparation.
All authors have reviewed and approved the final version of the
manuscript.

Funding

This project is funded by the Australian Government Department of
Health, Quality Use of Pathology Program (Grant ID: 4-2QFVW4M) and
NHMRC Partnership Centre for Health System Sustainability (Grant #
910003), and is conducted in a collaboration between Macquarie
University, Outcome Health, PHNs and the Royal College of
Pathologists of Australasia Quality Assurance Programs.

Summary table

What was already known

• General practice activity in Australia has previously been reported
as aggregated data from self-reported cross-sectional surveys.
• Pathology testing has a significant role in diagnosis and disease
monitoring. General practice accounts for 70% of the use of public
funded pathology services in Australia

What this study adds

• Electronic pathology data provides valuable insights into the quality
use of pathology in Australian general practice higher greater depth
than previously possible.
• The strengths of electronic data include its longitudinal nature, its
comprehensiveness, large sample size, and its depth and reach with
availability of demographic features of populations that span dif-
ferent geographic regions.
• Electronic data can be used to undertake evaluations of pathology
use for screening, monitoring, diagnosis, and treatment in ac-
cordance with guidelines as well as intervention evaluations, which
facilitates benchmarking, evidence-based guideline development
and translation into policy.
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