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Introduction

Primary health care data is a known information gap for effective population health monitoring, research, policy, and planning (AIHW, 2025). A key
challenge is the complexity and diversity of the primary care data ecosystem in a privatised and unregulated health information sector.

Electronic health records of regular clients are recorded within the practice management system (PMS) of a general practice for clinical use ana
decision support. An AIHW survey of 31 PHNs in April 2025 showed that over 95% of the 6,095 practices that submitted Practice Incentives Program
Quality Improvement (PIPQI) data used Best Practice (/1.9%) or Medical Director software (25.1%) and there are at least 15 other software products in
operation. Three different extraction tools extract de-identitied data from the PMS for a variety of service planning and population health analysis
reasons: CAT4, POLAR, ana Primary Sense.

Diverse software tools and methods for capturing general practice data can cause inconsistencies in the outputs generated, with new tools or versions
notentially leading to data inaccuracies and loss of context (Canaway et al,, 2022, AIHW, 2024).

Capital Health Network (CHN) and AIHW collaborated to compare aggregated outputs generated by the same practice using 3 different data
extraction methods.

Methods

CHN engaged two general practices to participate in this project, one used ‘Best Practice’ and the Figure 1: Data extraction pathways
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Results

The distribution of regular clients aged 15 years and over was analysed for each extraction method, using the practice’s PATCAT baseline as the
benchmark (Figure 2). Comparing the distribution of clients across age groups showed that the PATCAT extract (Method 1) and CAT4 JSON extract
(Method 2) were identical for the BP practice only — The other extraction methods had a different number and distribution of regular clients for the
BP practice (Method 3) and MD practice (Methods 1, 2, and 3). The native CIS generated JSON files (Method 3) had the largest difference in regular
clients compared to the PATCAT baseline (Method 1) for both the BP and MD practice.

When examining the results for specific QIMs (Figure 3), the PATCAT baseline (Method 1) had different results across most measures compared to
the CAT4 JSON (Method 2) and native CIS JSON files (Method 3), which was expected given the differences in the number of regular clients that
were captured across extracts. When comparing the PATCAT extracts with CAT4 JSON extracts, the BP practice had the same result for 14 out of 19
QIM subgroups, whereas the MD practice only matched results for 3 out of 19 QIM subgroups. Each practice’s native CIS generated JSON file had
different results to the PATCAT baseline across all indicators. These results indicate that
different coding has been applied to generate each aggregate extract.

Figure 3: Data extract comparisons by practice
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