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Methodology 

• A paper focusing on the recent spine build using Splink was presented to the Methodology Advisory
Committee last week. Some suggestions received which will be considered and prioritised in conjunction with
other possible improvements for the next spine build identified by Methodology and the DLC.
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Introducing Splink
Data Integration Program Board
June 2024
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Deterministic Linking

• Deterministic linking relies on rules
– Eg if a record pair is a unique match on first name, surname,

DOB, sex then it is a link

• In order to account for a range of circumstances we
typically need a lot of rules and many passes through
the data
– Eg link on first name, surname, DOB, sex

– Then first name, surname, DOB only

• Selecting and ordering rules can be subjective and
deriving quality measures is tricky
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Probabilistic vs Deterministic Linking

• Probabilistic linking is considered best practice by most NSOs

• Probabilistic linking makes use of more information when determining a
link than deterministic linking can

• Probabilistic linking can form links when linking variables are of poor
quality

• Probabilistic linking provides better, more robust quality measures for a
linkage process

• Probabilistic linking is more computationally intensive
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Current ABS linkage tools

• DMAC
– Deterministic linking SAS macro
– Used for most large-scale linkages including ABS Spine

creation
– Currently being rewritten in Python/PySpark for cloud

• FEBRL
– Probabilistic linkage Python (v2) package
– Currently used for PES-Census and Census-Mortality linkages
– Very slow and inflexible
– No longer supported (tool or language)
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Splink

• A Python package for probabilistic linking
– Fast and highly scalable via parallel

computing in the cloud

• Flexible and easier to use than FEBRL

• Capable of multi-way linkages in a single
run
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Results so far

• On a standard spine deduplication and linkage task
Splink in SEAD is ~10x faster than DMAC in NGI

• For the NLS spine build Splink made 98.7% links the
same as the current NLS process

• Medicare and Domino linkage (first two steps of
ABS spine) was 98.3% the same between Splink
and DMAC
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Timeline for ongoing work

• [Currently]: Investigate Splink as a replacement for FEBRL in PES-Census linkage

• [Currently]: Investigate further into the links Splink and DMAC make differently for
NLS spine

• [Soon]: Understand Splink’s capacity to do 4+ linkages simultaneously

• [June-Dec 2024]: Implement the 2024 NLS spine build in Splink

• [June-Dec 2024]: Develop quality measures from Splink outputs to inform future
linkage quality assurance

• [2024-25]: Understand Splink’s capacity to improve linkage
– Especially for poor quality linking variables
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Recommendations

• That the ABS consider adopting Splink to
replace FEBRL

• That the ABS consider adopting
probabilistic linking and Splink more widely

– Splink be considered for use in the 2025 ABS
Spine build
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Questions for the Board

• Does the board have any questions 
about Splink?

• What further information would be 
helpful to support a broader adoption 
of Splink?
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TSD and Methodology update ( ) 

• Currently working through QA process for the latest spine build, the first using Splink. Progressing well – 
complete linkage of all three datasets finalised within two days (previous timeframe 6 weeks approx.) 
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Methodology Design Committee (MDC)
Agenda

Date | Time 4th December 2024 |3:00pm -  4:30pm (AEDT)
Location Teams meeting with link in calendar invitation
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Minutes  
Invitees MEMBERS: Anders Holmberg (GM), , Paul Schubert, 

Julian Doak, Jodie Stevenson, Tom Joseph, David Zago,  
(for Robert Ewing),  
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 (for Luke Hendrickson),  (for Emily Walter),  
 Denise Carlton, 

  

APOLOGIES: Robert Ewing, 
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4 20 SPLINK and its evaluation  

Splink and its evaluation.dSplink and its evaluation.d
5

S22
S22

S22
S22

S22

S22
S22
S22

S22

S22

S22

S22
Released Under F

OI A
ct

 

39



Released Under F
OI A

ct
 

40



4 SPLINK and its 
evaluation 

Splink and its evaluation.docx Splink slides for MDC.pptx

The MDC endorsed that probabilistic linkage using the SPLINK tool be 
the recommended approach for ABS linkage projects. 

The following comments were also given:
The MDC was very supportive of probabilistic linkage using SPLINK

and keen to see it move forward.
This is a really well-written paper

It is great to see MDSD appropriating existing tools and methods

rather than inventing new ones ourselves.

It was asked if there are any applications of SPINK for business

surveys/data but it was not obvious that there were very many (given
the availability of deterministic identifiers)
It was clarified that MDC 'endorsement' is of the methodology but

that support from other areas will be needed (and should be easily
obtained) to keep moving forward the adoption of SPLINK and
probabilistic linking.
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The case for updating linking methods in the ABS 
 Purpose of this paper 
Data Linkage Methodology (DLM) are seeking MDC endorsement on the adoption of the 
probabilistic linking tool Splink for future ABS linkages. Splink is a Python library that uses the 
Fellegi-Sunter algorithm to probabilistically link datasets together. Testing has shown that Splink 
is a much more efficient tool than the existing linkage tools used in the ABS, and produces results 
of a comparable quality to our existing linkages.  

Probabilistic and Deterministic Linking 
The two main linkage methods used in data linking are probabilistic linkage and deterministic 
linkage.   

Probabilistic linkage considers a range of identifiers (variables like first name, surname, date of 
birth, and address) and assigns weights to each identifier based on its ability to correctly identify 
a match. These partial weights are combined into what is called a match weight. Records are 
linked if their match weight is greater than a set threshold. Notably, this allows records to be 
linked even if they disagree on certain identifiers. It also allows the degree of disagreement to be 
incorporated into the match weight. For example, a name that differs by 5 letters from the original 
could get a lower partial match weight than a name that differs by 3 letters. In calculating match 
weights probabilistic linkage also includes the ‘m’ and ‘u’ probabilities. That is, the probability that 
a unit is a match or not a match given the identifier in question is the same. These probabilities 
are usually calculated from the data to be linked using the Expectation-Maximisation (E-M) 
algorithm. This approach is often referred to as the Fellegi-Sunter method for linking as it was first 
proposed by Fellegi and Sunter in 1969. 

Deterministic linkage differs from probabilistic linkage in that it requires agreement on all 
identifiers to determine that two records are a link. To account for errors in the data (such as 
spelling mistakes in names), multiple passes are run with different combinations of identifiers. 
For example, pass 1 may link all pairs of observations that match on first name and surname, 
pass 2 may link all pairs of observations that match on first name, date of birth, and address, and 
so on. The ordering of passes to achieve the most optimal set of links can often be down to trial 
and error. At the ABS it is done by comparing the ‘marginal uniqueness rate’ – the proportion of 
records that will be uniquely matched in a pass given the other passes that have already 
happened. Generally, we expect that if more unique links can be made in a particular pass, then 
it is a better, higher quality linkage. A lot of work has been done at the ABS to establish best 
practice for this approach to deterministic linking, given the linking variables we typically use for 
linking records.  

While the ABS has traditionally performed deterministic linkage, there are several reasons why 
we need to maintain a probabilistic linkage method and tool alternative to our existing 
deterministic linking tools:  

• Alignment with external best practices: Most NSOs use probabilistic linkage as their
primary linkage method. For example, Statistics Canada has recommended using
probabilistic linking to match records without unique IDs for over a decade, and the UK
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Office of National Statistics recommends probabilistic linkage approaches as, compared 
to deterministic approaches, they are more robust against errors and more effective with 
large datasets.  

• The ABS already performs probabilistic linkage: PES-Census linkage currently uses
probabilistic linkage through the Febrl tool (Freely extensible bio-medical record linkage)
and will need to use this methodology into the future (this is very important to ABS 
business as it supports the legislated output of population estimates).

• Better quality linkages: Probabilistic linking incorporates disagreements as well as
agreements into deciding whether a record pair should be linked, hence leading to better
quality results.

• Linking low-quality data: Deterministic linking approaches struggle to link low-quality
data and using a probabilistic method may allow us to maximise the number of links
found in those challenging cases while avoiding too many false links.

• More sound quality metrics: Having a probabilistic model allows us to straightforwardly
get estimates of precision (the proportion of all links that are true links).

• Relationships with researchers: Most researchers’ approaches to post-linkage analysis
usually assumes that the linked dataset has been probabilistically linked and that linkage
weights are available.

The Deterministic Linkage Macro (DMAC) 
In the recent past, deterministic linkage through DMAC has been the main method and tool used 
for linking in the ABS. This was largely driven by logistic concerns as the ABS did not have ready 
access to a linkage tool capable of running probabilistic linkage at the scale typically required for 
creating or linking to the ABS Person Spine. However, along with the considerations listed above, 
there are reasons why the ABS should be looking to move away from DMAC: 

• DMAC cannot be used to link PES records to the Census: Analysis in 2023 showed that,
due to the different methodologies used by Febrl and DMAC, DMAC missed too many key
links and would have required significant retooling of the PES automated linking
components to be a feasible replacement for Febrl.

• DMAC doesn’t produce robust quality estimates: When performing a linkage, DMAC
requires the user to manually determine at which point we stop accepting links, and our
current methods for setting these cut-offs are very ad-hoc.

• DMAC is built in SAS: As part of the Australian National Data Integration Infrastructure
project, the ABS is hoping to run future linkages in virtual environments. DMAC is written
in SAS, which is not expected to be available in these environments. Consequently, DMAC
will need to be rewritten in a supported language (such as Python) for use in future
linkages.

Freely extensible bio-medical record linkage (Febrl) 
The ABS has historically used Febrl to do probabilistic record linkage. Febrl is a python 2 library 
developed by Peter Christen at ANU under contract from the NSW Health Department in the early 
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2000s. There are several reasons why Febrl is currently not routinely used for linkages at the ABS 
and why we should not rely on it into the future:  

• Run time of linkages: Febrl is very slow, meaning that Febrl projects may have to use an
excessively strict blocking strategy to run in an acceptable time, which potentially
compromises the quality of the linkage. It also means that we cannot realistically use
Febrl for large linkages like Census-Spine and the Spine build.

• Configuration is prone to errors: Probabilistic linking requires estimation of parameters
to compute a prediction of whether two records are a match. Unfortunately, Febrl does
not include an implementation of the Expectation Maximisation algorithm for parameter
estimation. ABS linkage projects using Febrl require the user to calculate the m and u
probabilities in SAS and then manually enter them into Febrl. This process is prone to
introducing errors and undermines the reliable implementation of probabilistic linking on
a production scale for the Data Linkage Centre.

• Inflexibility of linkage strategy: Lack of flexibility in how comparisons between linking
variables are specified means that we must run multiple passes. This increases the
complexity of projects, and leads to very long runtimes for linkage processes, as a single
pair of records may be compared in several different passes. We also have no
theoretically defensible way of combining results from multiple passes.

• Febrl is out of date: Febrl is implemented in python 2, which has been beyond its end of
life since January 2020. Python 2 will not be present in virtual environments where we
hope to run future production code. Upgrading Febrl to python 3 would be a substantial
project.  Additionally, Febrl is not used outside the ABS, and Peter Christen has not
updated it in 10+ years.

• Difficulty of use: Even simple projects require the user to interact with a large amount of
code.  This creates key-person risks when people with experience in using Febrl move out
of sections that perform linkage projects using Febrl.

Splink 
Splink is a fast and scalable Python library for probabilistic linkage. It was developed by a team in 
the UK Ministry of Justice, funded by the UK Government Data Science Partnership. Our testing 
has shown that Splink has many benefits compared to DMAC or Febrl. The key benefits we have 
identified are as follows:  

• Run time of linkages: Splink can perform a linkage and deduplication of 300 to 500
million record pairs in 60-90 minutes, while linking the same datasets with DMAC would
take 12 hours.

• Quality metrics: The presence of pairwise match probabilities opens the potential of
several micro-quality metrics that can be derived which are not possible with DMAC.

• Flexibility of linkage strategy: Unlike Febrl, comparisons in Splink are not limited to
yes/no agreements of the linking variables, and instead you can create multi-level
comparisons.
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• Ease of use: Running Splink requires writing a short Python script where the user defines
how the linking variables will be compared, what blocking rules will be used, and above
what threshold links will be accepted. This is significantly simpler than Febrl, which
requires a configuration file and a separate script for each pass in the linkage project. The
slow speed of Febrl also means that testing different linkage strategies is very onerous.

• Simplifying the linkage process: Splink can link more than two datasets at the same
time, and link and deduplicate multiple datasets at the same time.

• Expectation-Maximisation (EM) algorithm: Splink includes an implementation of the
EM algorithm for estimating required probabilistic linkage parameters, which is a marked
advantage over Febrl.

Results 
While it is vital to find a replacement for Febrl for those linkages where the ABS currently applies 
probabilistic linking, Splink opens the opportunity to gain the benefits of probabilistic linking for 
a wider range of linkages. This section describes the outcomes of testing Splink on several ABS 
linkages. 

ABS Spine 
The ABS Person Spine is a three-way linkage between DOMINO data from DSS, the Medicare 
Consumer Directory, and Personal Income Tax (PIT) data from the ATO, all from 2022. DMAC can 
only link two datasets together at one time, meaning this linkage is done in several steps involving 
first deduplicating each dataset and then linking them together one at a time. Deduplication is 
usually performed as a separate linkage process in which a dataset is linked to itself to find any 
duplicate records.  

Splink can link any number of datasets together in one go and can also deduplicate records while 
the linking is being performed, meaning that the entire ABS Spine can be built with one linkage 
step instead of five. DLM recreated the ABS Person Spine in Splink, linking all 3 datasets together 
in a single linking step. It took Splink 1.5 days to perform the full linkage, which compares 
favourably with the current approach where the linking process of the spine build took 73 days.  

Splink could reproduce 98.44% of the original Spine elements unchanged from the current 
approach. A manual review of a sample of the records that were linked differently across the two 
approaches found that Splink produced a better outcome in a majority of cases (56% vs. 18% for 
the current approach), with the remaining 26% of cases being impossible to determine which 
method was better due to the inherent limitations of the data used for linking records and being 
unable to discern common and derivative names due to de-identification. 

Some changes were made to deal with the increased memory and computation requirements of 
linking the third dataset. A blocking rule developed for the NLS linkage concatenated the full 
name in a way that included null values. This rule created very large comparisons that crashed 
the linkage due to memory timeouts. Removal of the rule meant 13,604 records, or 8,156 distinct 
IDs would not be involved in blocking. Inspection of these records showed they had first and last 
name information only, with missing values elsewhere, so there wasn’t value in keeping the rule. 
Three more blocking rules were dropped as they did not provide new comparisons. Comparisons 

Released Under F
OI A

ct
 

47



on date-of-death and sex were added to ensure the u values trained fully after dropping the four 
blocking rules. 

The Splink build was significantly better when it merged clusters that were initially split in the 
original spine build, and slightly worse when it split clusters that were merged in the original spine 
build. When looking at the results at a finer grain, examining the individual cluster structures, we 
see relatively similar results to the overall sample totals with the majority of outcomes being 
positive changes by the Splink build. 
 

The National Linkage Spine 
The National Linkage Spine, which is part of the National Disability Data Asset, was initially built 
using DMAC, followed by the Australian Institute of Health and Welfare’s probabilistic linkage 
tool, and then their machine learning model to predict the match status of the remaining 
ambiguous links. Splink has the capacity to replace all these steps. Earlier this year Splink was 
approved for use in building the 2024 NLS. This build commenced in October 2024 and has been 
progressing well, and is estimated to have saved 1 month of processing time, with more savings 
forecast in the future as the process is bedded down.  

Another key benefit of Splink is that it is able to create the National Linking Spine without using 
SAS. This is important as SAS is currently not supported in the virtual environments that will be 
used for future linkage projects. 

Results from the National Linkage spine testing showed that Splink could reproduce 98.81% of 
the original Spine elements unchanged from the current approach. A manual review of a sample 
of the records that were linked differently across the two approaches found that the Splink  build  
and the current method produced a better outcome in a similar share of cases. The Splink build 
was mostly better when it merged clusters that were split in the original spine build, and worse 
when it split clusters that were merged in the original spine build. These differences were mostly 
due to Splink more harshly penalising disagreements in geography levels and being better able to 
merge duplicate records that had a slight disagreement in the date-of-birth field.    

Overall, the fact that Splink replaces three different methods, yields significant time savings, 
simplifies the linkage process, incorporates a more methodologically defensible data linking 
method, does not rely on SAS, and produces results that are of comparable quality to the existing 
method were all factors in the decision to build the National Linkage Spine in Splink.  

 

PES-Census  
Splink has been endorsed to replace Febrl to link PES records to Census records in 2026. Testing 
on PES and Census data from 2021 saw both methods produce a similar number of high-quality 
links and drop a similar number of ‘true’ person links (and for both methods these missed links 
would still be found via clerical linking). In addition, Splink also produced 10k fewer junk links that 
would have been flagged for clerical review, which represents a saving of approximately 333 staff 
hours. The Splink run took 12 hours, which is comparable to a Febrl run that uses 4 processing 
cores. Given that Splink was not run using Databricks and a move to Databricks would result in a 
much-reduced runtime (for comparison’s sake, the National Linkage Spine – a much larger 
linkage than PES-Census – takes 5-6 hours using Databricks), the results from the testing 
combined with the expected decrease in runtime and the issues with Febrl highlighted above 
mean we are confident that Splink is the best method to link PES to the Census in 2026.    
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Survey of Income and Housing 
Staff in the Data Linkage Centre (DLC) investigated using Splink to link data from the Survey of 
Income and Housing (SIH) with the 2022 PLIDA Person Linkage Spine. The key findings were: 

• Splink was significantly faster than DMAC: The total runtime for the SIH linkage using
Splink was approximately 1.5 hours, compared to over 28 hours using D-MAC.

• Splink produced a higher linkage rate than DMAC: Splink produced a linkage rate of
93.64% compared to 91.45% using DMAC.

• Splink improved linkage rates for populations with historically low linkage rates, including
increasing the linkage rate for the 25-34 age group, the Northern Territory, and Remote
Australia, by 5.03%, 4.29%, and 5.47% respectively.

Ongoing Work 
Improvements to Splink 
DLM has developed a set of tools built around Splink which are intended to be made available for 
use in future linkages. For example, staff in DLM created a tool that allows the user to sweep 
through a range of different parameters to detect the optimal settings for a Splinkage. 

Splink is open source, which allows users to make changes to it. Several staff in DLM have 
submitted improvements to Splink that improve its functionality from an ABS context, and these 
have been incorporated in subsequent Splink releases.  

There will be some further development required to set out appropriate quality measures and 
build the functions to produce these. We are expecting to be able to produce some quantitative 
measures from Splink which are not available in the DMAC/deterministic paradigm. 

LFS linking 
DLM are using Splink to relink the 12-month Labour Force file that was originally linked using 
DMAC.  Preliminary results show that the Splinkage produced a similar number of total links, 
including approximately 10,000 more links assessed as high quality. The processing time for 
Splink also appears to be faster than DMAC.  

Twins Adjustment 
The Fellegi-Sunter model divides all record pairs into two classes: matches and non-matches. 
Then there are parameters which specify the probability of a given agreement pattern of the 
record pair conditional on whether the pair is a true match or not. 

This can be problematic given the presence of twins (and to a lesser extent family members) in 
the data, since we have pairs of records that agree on several fields (like surname, date of birth, 
and address), and the prevalence of these agreements is much more than one would expect from 
a random sample of non-matching records. We can add an extra class to the model, meaning that 
pairs of records can be classified as matches, twins, or non-matches. This was tested in the NLS 
build and it was successful in removing most of the twin links that we had found. It was decided 
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to not use this approach since there was additional complexity in implementing it, and the 
adjustment had some unintended consequences such as ranking links which disagreed on 
surname higher than links which agreed on everything. 

Quality Measures 
Splink produces estimated match probabilities based on the model implemented under the 
Fellegi-Sunter framework.  The estimated match probabilities are particularly useful in the 
absence of ground truth data (this is the case for ABS linkages) because they enable the 
calculation of several key metrics (such as precision and recall) used to evaluate and improve the 
quality of the linkage.  

The match probabilities are also useful for: 

• Forming clusters in more complex linkage scenarios such as one-to-many and many-to-
many links e.g. spine build and PES-Census linking.

• Enabling the provision of more useful quality measures to users so that if desired they can
account for linkage uncertainty in their analyses.  There is academic literature on this
topic, but it requires analysts to be provisioned with estimated match probabilities.

It should be noted that the estimated match probabilities rely heavily on the accuracy of the 
linkage model set up by the user of Splink.  Hence, model specification and potentially some form 
of calibration of the estimated match probabilities is essential to avoid biased estimates. 

Linking Aboriginal and Torres Strait Islander data 
DLM have commenced a project that involves improving linkage quality for the Aboriginal and 
Torres Strait Islander population. When key linkage variables are of poor quality (such as in the 
Indigenous population) then probabilistic linkage is known to be more flexible and effective than 
deterministic, and therefore we will be using Splink in these investigations. 

Discussion and recommendations 
Splink has proven that it can more efficiently produce very similar results to linkages carried out 
using deterministic linking. There are significant benefits to the use of Splink in terms of improved 
speed and functionality, and probabilistic linkage also offers numerous benefits compared to the 
deterministic linkage methods currently used in the ABS data integration programme. Splink 
offers a way past the barriers that have prevented the ABS from adopting probabilistic linking in 
the past. 

Two major ABS linkage projects have approved the use of Splink for their upcoming linkages, and 
for the above reasons we recommend that the ABS continues down this path and, unless there is 
a specific reason to use deterministic linking, adopts Splink as the primary linking tool for all 
future ABS linkages. 
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Person Linkage Spine June 2025  

Page 7 of 24 

Scoping and initial Deduplication of Spine datasets 
Once librarian processing is complete, the Spine datasets are descoped to remove records that were 

outside the target population of the Spine (the ever-resident population of Australia for the given reference 

period). Scoping rules are detailed in Appendix C. 

Next, the MCD and DOMINO Spine datasets undergo an initial deduplication process, which involves 

identifying and resolving incidents of unique persons with more than one associated ID. For more details 

see Appendix D.  

Link and Deduplication of Spine datasets 
Once scoping and initial deduplication is complete, the MCD, DOMINO and PIT datasets are linked 

together in a three-way linkage. During the linkage process, additional duplicate records are also 

identified. More details are provided in Appendix D.  

For the 2025 Spine build process, the probabilistic method of linking was applied for the first time via the 

Python package, Splink. Previously, the Spine was built via the deterministic method utilising an internal 

tool. Deterministic linkages follow assigned rules to form links, whereas probabilistic linkages use an 

evidence-based logic to link records.  

Because each of the Spine datasets covers different parts of the population, it’s not expected that there 

will be a 100 per cent linkage rate between the Spine datasets. Where a link is found, Spine entities from 

different datasets are grouped together under the same element (person). Where a link cannot be found, a 

new Spine element is formed.2 Further details on the linkage process are detailed in Appendix E.  

Final Scoping of the Spine 
Following linkage of the datasets, based on the scoping rules a subset of DOMINO records is removed if 

they have failed to find a link with MCD or PIT records. For full details on the scope of the Spine refer 

again to Appendix C.  

 

 

 

 

2 See Data Model of the Person Linkage Spine for the difference between Spine elements and Spine entities. 
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The 2025 Person Linkage Spine 
The June 2025 Spine update includes data from January 2006 through June 2025; it contains 

39.87 million unique persons. Compared to the 2024 Spine, the additional year of data incorporates an 

additional 0.86 million unique persons on the Spine.  

Both demographic (Appendix F) and structural (Appendix G) characteristics of the Spine are consistent 

with previous versions.  

Data quality 

Missingness 

Missingness refers to the level of null data within a specified field. If a dataset has high levels of 

missingness, the affected variables will not be able to be utilised when forming links, and therefore linkage 

precision will be reduced.  

For the 2025 Spine, missingness rates were very low to moderate across the three datasets. Of note was 

the slightly elevated missingness rate for date of birth and ABS’s Address Register Identifier (ARID – the 

finest level of geo-coding) within the DOMINO dataset when compared to MCD and PIT. The missingness 

rates were otherwise consistent with historical data supplies. 

Any records missing more than three key linkage variables were considered out of scope and removed 

from the input dataset. See Appendix H for results of scoping applied to each dataset.  

Intertwined records 
An intertwined record refers to an occurrence of a singular source ID containing information from more 

than one unique person. If intertwined records are left untreated, they will adversely affect the quality of 

analytical outputs as each of the records will not correspond uniquely and completely to a single 

individual. Any IDs within a single source dataset containing multiple dates of birth and significantly 

different names are identified as intertwined and removed from the linkage data.  

Rates of intertwined records was minimal (0.02%) for the MCD collection and there were no intertwined 

records for PIT, which is consistent to the previous supply. There were no intertwined records found for 

DOMINO due to a change from the previous supply. See Appendix H for figures.  

Duplicate rates 
Duplicates occur when the same unique person has been allocated multiple IDs within a source dataset. 

Duplicates are identified through two different processes outlined in Appendix D.  

The level of duplicates continues to be low for all three datasets. However higher levels of duplicates IDs 

were identified during the linkage stage due the change in methodology to Splink. Deduplication is 

implicitly included in Splink process as the links can be formed within and between datasets during a 

single process.  

The most significant change in the number of duplicates discovered was for DOMINO. 1.39 per cent of 

DOMINO IDs were identified as duplicates, compared to 0.70 per cent in the last supply. This is still a 

relatively minor increase, and the overall duplication rate is similar to previous supplies. See Appendix H 

for figures. 

Initial Scoping 

Various scoping rules are applied for each of the input datasets to ensure that the final Person Linkage 

Spine represents the target population. A summary of these scoping rules is detailed in Appendix C. In 
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found for these records. The MCD-only Spine elements are mostly older persons who are retired and no 

longer interacting with the ATO and perhaps are not eligible for any Social Services benefits.  

When compared with previous versions of the Spine, the composition of the various Spine elements is 

quite stable (within one percent). See Executive Summary for a full breakdown of element composition 

across Spine versions.  

As outlined in the Data Model, Spine elements may include one or more identifiers from the MCD, 

DOMINO, or PIT datasets. These identifiers enable data to be merged directly onto PLIDA without 

requiring the supply of personal identifying information such as name or address. 

Spine coverage 

The target population of the Person Linkage Spine, June 2025 includes all persons who were resident in 

Australia at any point during 1 January 2006 to 30 June 2025. The June 2025 Spine comprised of 39.87 

million persons over that reference period. The number of persons represented on the Spine increased by 

2.21 per cent (0.86 million) from the June 2024 Spine. This increase was primarily due to babies born 

during the 2024-25 financial year as well as migrants interacting with the taxation system for the first time. 

While population statistics have not yet been released for this period, this is consistent with the 

demographic inflow pattern of approximately 600,000 migrants3, and just under 300,000 births4 annually. 

There is some under coverage of the Australian population in the Spine. For example, migrants 

(particularly those on temporary visas) are known to be underrepresented on the Spine as they may not 

be eligible for inclusion in any of the core datasets. The implications of this for analysis will depend on the 

population of interest. Weighting methods may assist in improving the representativeness of the data in 

these circumstances.  

Future work 

The ABS is currently exploring opportunities to enhance the Spine for the 2026 Spine build. The most 

critical areas for enhancement concern the Spine’s coverage and reference period. 

As mentioned above in the Spine coverage section, one of the key populations of interest that experience 

under coverage on the Spine are migrants. This under coverage will be addressed directly by assessing 

the feasibility of incorporating datasets sourced by the Department of Home Affairs. Additional coverage 

may also be found in the Births or Deaths registries. 

Another key population of possible under coverage are newborns that are yet to be enrolled in Medicare. 

There is believed to be a lag between birth and being present on MCD, which generally coincides with first 

immunisations. Although this potential issue pertains to under coverage, it only is so for the short lag 

period between birth and MCD enrolment. The effectiveness of adding births data to the Spine to address 

under coverage will be explored in the coming months. 

Expanding the reference period of the Spine to earlier than 2006 (likely to 2000) is also a focus for Spine 

enhancement. The scalability of cloud infrastructure means the considerably larger datasets shouldn’t 

hinder processing times. Ensuring that the pre-2006 data is comparable quality to post-2006 is the key 

consideration for incorporating these extended files into the Spine build. 

The 2026 Spine is expected to be delivered in the Australian National Data Integration Infrastructure 

(ANDII) environment. ANDII is a purpose-built data integration infrastructure that allows for secure data 

processing at scale.

 

 

3 Overseas Migration, 2023-24 financial year | Australian Bureau of Statistics 
4 Births, Australia, 2024 | Australian Bureau of Statistics 
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Appendix B: Librarian processing 
During librarian processing, the personal identifiers used for data linkage are cleaned and standardised: 

• Name processing. Special characters and titles are removed (such as ‘&’ or ‘Dr’) from name fields, 

and standardised names are added (for example, ‘Beth’, ‘Eliza’ and Libby’ are all standardised to 

‘Elizabeth’).  

• Demographic information (sex or gender, date of birth, country of birth, etc) is standardised to fit 

within existing ABS classifications. 

• Address information (street, suburb, postcode, etc) is geocoded to the ABS Address Register May 

2025 Index5, which provides a comprehensive list of all physical addresses in Australia. Address 

information is assigned an anonymised Address Register ID (ARID), as well as a corresponding 

Mesh block, SA1, SA2, and SA4 on the Australian Statistical Geography Standard (ASGS).6 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

 

5 ABS 2025 May Address Register - Gif Boundaries 2024 - Street Range 51 
6 Australian Statistical Geography Standard (ASGS) | Australian Bureau of Statistics 
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