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Abstract 

This paper investigates how Australian points tested visas can be changed to better target young, 

high-earning migrants. Our approach uses earnings premia from Mincer regressions with the 

demographic trade-off from the Australian Treasury’s Fiscal Impact of New Australians (FIONA) 

model. We find that several existing points-test components—community language, regional study, 

Professional Year programs and specialist qualifications—are not predictive of migrant earnings 

and should be removed, while greater weight should be placed on younger applicants and PhD-

level education. We show that including points for nominated income or income earned while on a 

temporary visa would yield the largest economic gains. Extending the framework to migrant 

couples shows that primary-applicant characteristics alone predict household earnings almost as 

well as including secondary-applicant information, implying limited value from adding secondary 

characteristics to the test. 
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Executive summary 
This paper explores the application of Mincer (wage) regressions to the design of 
Australian points-tested visas. The appeal of this approach is straightforward – wage 
regressions are a practical approach to identifying the migrant characteristics that 
predict economic success. A points test designed on the basis of a wage regression will 
select migrants that are most likely to have strong post-migration economic outcomes.  

Under this approach, points are awarded based on the estimated earnings premium of 
a characteristic.  For example, if our model predicts an applicant with a PhD will earn 33 
per cent more than an applicant with the minimum level of education acceptable for the 
visa class, the PhD holder’s application is awarded 33 points.  

Australia also benefits, all else equal, from younger migrants who spend a larger 
number of years in the Australian workforce before retiring. We show how the 
demographic trade-off implied by the Australian Treasury’s Fiscal Impact of 
New Australians (FIONA) model can be incorporated in a points test alongside Mincer 
regression estimates.   

Two significant challenges arise when applying this approach to real-world visa policy. 
First, points-tested visas operate alongside other policy instruments, such as temporary 
visa pathways, Skilled Occupation Lists and occupation ceilings. The optimal points 
allocations for migrant characteristics will depend on how these policies are designed.  
Second, while we present a case that assumes achieving strong migrant outcomes as 
the overarching goal of the skilled migration program, other desirable features of visa 
systems such as simplicity and consistency between visa programs also need to be 
considered by policy makers.  

As a result of these trade-offs, this paper does not present a single ‘optimal’ points test. 
Instead, we calculate points test options following the Mincer framework for both 
narrow and broad policy reforms, estimate the potential economic impact of these 
policy options, and identify the other policy decisions that would be required in each 
framework. Specifically, we calculate the points allocations that would apply: 

- In a points test based on age, education, occupation, English language and 
experience. 

- In a points test as above that also allocates points based on nominated 
occupations. 

- In a points test as above that also considers the earnings of migrants on 
temporary visas. 

The third option will generate the largest economic benefit for migrants and non-
migrants. However, policymakers may prefer the first or second option if system 
simplicity were highly valued or if visa reform were restricted to points-tested visas only. 
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Finally, this paper uses the Mincer regression framework to address two further 
questions of policy interest: 

- We find that several components of the existing points test—community 
language, regional study, professional years and specialist qualifications—are 
not predictive of migrant outcomes in Australia and should therefore be removed 
from the points test. 

- We find that secondary migrant economic outcomes are highly correlated with 
primary migrant outcomes. Thus, there is relatively little benefit from including 
secondary migrant information in the points test. 
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1. Introduction 
This paper explores the application of Mincer (wage) regressions to the design of 
Australian points-tested visas. Mincer regressions are single-equation econometric 
models that estimate labour market outcomes using education, experience, and other 
individual characteristics. They were first proposed in Mincer (1974) and are among the 
most commonly used econometric models (Heckman, Lochner and Todd, 2006). A 
points test designed in this framework will rank prospective migrants on their expected 
long-term wage and employment outcomes. 

Section 2 of the paper draws on the academic literature to argue that the appropriate 
goal of the points-tested skilled migration program is to select young, high-earning 
migrants. This goal is consistent with the stated preference of the Australian 
Government and will deliver the largest economic benefits of migration for the 
incumbent population as well as for migrants, which aligns with their well-being and 
preferences. We argue against the use of points-tested visas to address labour 
shortages in low-income occupations, as empirical evidence shows that migrants who 
nominate low-income occupations are unlikely to work in those occupations after 
migration.  

In Section 3, we develop a ‘benchmark’ points test using Mincer regression coefficients 
for education, English language skills and experience. We use administrative tax and 
visa data made available through Person Level Integrated Data Asset (PLIDA),1 using 
outcomes of migrants from all Australian points-tested visas (including subclasses 189, 
190, 491 and several older visa subclasses that have closed to new applicants). We 
then incorporate the implied age-income trade-off from the Australian Treasury’s Fiscal 
Impact of New Australians (FIONA)2 model to capture the demographic benefits of 
younger migrants. The biggest differences to emerge between our test and the existing 
Australian points test is the absence of points categories which do not contribute 
positively to migrant outcomes (specifically, studying in Australia, regional study, 
community language, Professional Year Programs and specialist education). Our test 
also gives greater weighting to younger migrants and for PhD level education than does 
the existing points test. 

In Section 4, we investigate how the points test outcomes would change if points were 
added for nominated occupation. Occupation is a powerful predictor of migrant 
outcomes, and this augmented test selects migrants with significantly higher earnings 
than the benchmark points test. Our analysis uses administrative data to examine 

 
1 ABS (2024), Person Level Integrated Data Asset (PLIDA), available at: 
https://www.abs.gov.au/about/data-services/data-integration/integrated-data/person-level-integrated-
data-asset-plida 
2 https://treasury.gov.au/publication/p2021-220773 

https://www.abs.gov.au/about/data-services/data-integration/integrated-data/person-level-integrated-data-asset-plida
https://www.abs.gov.au/about/data-services/data-integration/integrated-data/person-level-integrated-data-asset-plida
https://treasury.gov.au/publication/p2021-220773
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which migrants work in their chosen occupation following migration. We confirm 
evidence that migrants nominating low-earning occupations are much less likely to 
work in their nominated occupations after migration than migrants nominating high-
income occupations. 

In Section 5, we consider how earned income in Australia could be applied directly in a 
points test. We consider three options within the Mincer regression framework: an 
integrated test that includes points for both observable characteristics and income in 
Australia (as proposed in Coates, Wiltshire and Bradshaw, 2024); separate points tests 
for income and observable characteristics (as implemented in New Zealand (NZ)) and; a 
requirement to earn the going rate in one’s nominated occupation (as implemented in 
the United Kingdom (UK)). These approaches are expected to select higher-earning 
migrants than other options considered in this paper. However, as these options differ 
substantially from Australia’s existing visa system, we do not attempt to model the 
economic outcomes that they would produce. 

Next, we expand the Mincer regression framework to predict the average earnings of 
migrant couples using both primary and secondary migrant characteristics (Section 6). 
We show that a model that uses only primary migrant characteristics predicts migrant 
couple earnings almost as well as one using both primary and secondary migrant 
information. Intuitively, a high level of assortative matching (high-earning and high-
skilled migrants tend to partner with other high-earning and high-skilled individuals) 
explains why secondary migrant information adds little to the model’s predictive power. 
As a result, little value accrues from adding secondary migrant characteristics to the 
points test. 

We then consider adapting the Mincer regression framework to a two-stage migration 
framework, in which migrants live in Australia on a temporary visa before applying for a 
permanent one (Section 7). In this framework, we use information about economic 
outcomes for the temporary migrant to improve permanent visa selection processes. In 
practice, were such a test implemented, temporary migrants would adapt their 
behaviour to these new rules. The impacts of these behavioural changes (both positive 
and negative) are hard to precisely predict in advance, but must be considered 
alongside other program outcomes.   

In Section 8, we consider three specific policy options to improve Australia’s points-
tested migration program. For each, we present a suggested points test and consider its 
interactions with other elements of visa policy (such as Skilled Occupation Lists): 

- The first option is wholly derived from the points test developed in Section 4, 
which allocates points for age, education, English language and experience. 
Under this option, we assume that a requirement to work in a high-skilled 
occupation is retained.  
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- The second option is similar, but also allocates points based on prospective 
migrants’ nominated occupation. 

- The third option allocates points-tested permanent visas based on observed 
income while temporarily in Australia.  Our approach follows the NZ model, in 
which temporary migrants can apply for permanence based either on income or 
on human capital (as opposed to integrating these factors). 

These options highlight two key trade-offs in making changes to points-tested visas. 
First, simpler designs may be preferred for their lower administration and compliance 
costs, but are less effective at predicting successful migrants. Second, changes to 
points-tested visas impact the efficacy of other visas. Ideally, any large change to the 
points test would be implemented along with modifications to temporary visa pathways 
and other permanent visas. These trade-offs impact the evaluation of policy options.  

We present the third option as the ‘preferred’ approach as this will select migrants with 
the best economic outcomes. However, policymakers may prefer the first or second 
option if system simplicity is highly valued or if visa reform is restricted to current 
points-tested visas only.  

We include four Appendices. Appendix A documents a tool developed for this paper 
used to estimate the potential impact of different points test designs on the average 
impact of selected migrants. Appendix B tests the sensitivity of the main results to the 
Mincer regression specification. Appendix C contains additional descriptive statistics 
on migrants working at a lower skill level than their nominated occupation. Appendix D 
provides additional technical information relating to brain drain and the relationship 
between points-tested migration and the generosity of the social safety net, to support 
discussion in Section 2 of this paper. 

A caveat to our analysis is that existing points test data are not linked to the PLIDA data 
that we use. Therefore, this paper uses proxies for the observable characteristics of 
migrants from other datasets (such as using the census to observe levels of education) 
rather than the value migrants actually claimed in the visa application process. While 
we don’t expect this to significantly impact our findings, our empirical analysis would be 
improved by incorporating visa application data into the PLIDA data environment. 
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2. The goals of points-tested migration 
This paper explores how points-tested visas can be used to select young, high-earning 
migrants. In this section, we show that this approach: 

- Is consistent with the stated policy preference of the Australian Government. 
- Generates larger economic benefits for the non-migrant population than 

alternative migration tests. 
- Is broadly aligned with the preferences of migrants. 

We also argue that such an approach is likely to generate non-economic outcomes that 
are no worse (and probably better) than other visa designs. We then briefly discuss the 
use of points-tested migration to address labour market shortages. 

This approach aligns with the stated objective of skilled migration 
In the recently released Migration Strategy, the Australian Government identified 5 over-
arching goals of the Australian migration program: 

- Raising living standards 
- Ensuring a fair go in the workplace 
- Building stronger Australian communities 
- Strengthening international relationships 
- Making the system work 

The skilled migration program most directly relates to the first of these criteria. The 
approach we propose is designed to maximise these economic benefits. 

The approach generates the largest economic benefit for the non-
migrant population 
Evaluation of migration policy is commonly based on how policy impacts the non-
migrant population (Coates, Sherrell and Mackey, 2021; Productivity Commission, 
2016). In a standard economic framework, young, high-earning migrants generate the 
largest economic benefits for the incumbent Australian population. Intuitively, these 
benefits come from three sources. First, market wages are a direct measure of the value 
that Australian firms and consumers place on the skills of migrants, thus they are a 
direct measure of the impact that migrants have on the Australian economy.   

Second, the progressive nature of Australia’s tax and transfer system means high-
income migrants pay more in taxes and receive less in government services than lower-
income migrants. This generates a 'fiscal surplus’ which can be used to lower tax rates 
or increase government spending on the non-migrant population.  The fiscal surplus of 
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skilled independent migrants is estimated to be around $200,000 per migrant in Varela, 
Husek, Willliams, Maher and Kennedy (2021).3 

A final potential benefit of a migration program targeting high-income migrants is that it 
will act to equalise the distribution of wages in Australia. Dustmann, Frattini and 
Preston (2013) show that where migration is focused on one part of the income 
distribution, it reduces wages in that part of the distribution and increases wages in 
other parts.4 This suggests that focusing Australia’s migration program on high-earning 
migrants, if it has any effect, will reduce income inequality in Australia.   

The welfare impact of migration is formalised in Colas and Sachs (2024), who calculate 
the “Marginal Value of Public Funds” (MVPF) from a change in the migration program 
using the framework of Hendren and Sprung-Keyser (2020).5 They show that the MVPF of 
migration can be written as a function of the fiscal impact of migration and the impact 
of migration on wages.6 In this formulation, a larger positive fiscal impact generates a 
larger benefit for the non-migrant population. 

A key implicit assumption of this economic framework is that the migration program 
does not saturate the high-income section of the labour market.7 For instance, at 
current levels, it seems obvious Australia would benefit from an additional surgeon or 
‘superstar’ engineer migrant, but equally that we would not want a program which only 
included surgeons and ‘superstar’ engineers.8  

While having “too many” high skilled migrants may be theoretically possible, Australia’s 
existing migration program does not face this issue. Migrants in the Australian 
permanent migration program earn, on average, a similar amount to the Australian non-
migrant population. In addition, as pointed out by Coates, Wiltshire and Bradshaw 

 
3 This figure is a Net Present Value estimated across the remaining years of a migrant’s life in Australia. It 
includes taxes and government expenses at both the Federal and State levels. It is best interpreted 
relative to the non-migrant population, who are estimated to have a lifetime fiscal impact of around 
$85,000 per person. 
4 The empirical evidence is mixed on the extent to which migration impacts wages of incumbent workers 
and income inequality.  For instance, Card (2009) finds that the overall impact of immigration to the 
United States on wage inequality has been small. Breunig, Deutscher and Thi To (2017) find no impact of 
migrants on the wages of incumbent Australians. 
5 Colas and Sachs (2024) abstract away from broader economic issues such as housing affordability, 
congestion and productivity. While these are important issues, we interpret them in a similar manner to 
the non-economic goals of the program outlined below. Namely, that a points test that targets young, 
high-income migrants will do at least as well on these outcomes as other points test designs. 
6 Wage impact includes both changes to the average wage and changes to the distribution of wages. 
There is a large literature finding that the impact of migration on ‘average’ wages is very small, while the 
impact of high-skilled migration on the distribution of wages will reduce income inequality. However, the 
main component of these results is the lifetime fiscal impact. 
7 More generally, occupation ceilings act to limit the exposure of occupations to a large, overwhelming 
influx of migrants. We assume that these ceilings continue in their current form but take no position as to 
whether they are set at an optimal level.  
8 This idea is explored by Clemens and Chand (2023), who develop a model in which high-skill and low-
skill workers combine in a Leontief production function. 
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(2024), only a relatively small share of Australia’s migration program is selected based 
on skills.  Over the past decade, skilled primary migrants made up around 28 percent of 
the Australian migration program, while skilled secondary migrants, family migrants and 
humanitarian migrants made up the remainder.  

If reforms to the Australian skilled migration program were particularly successful and 
evidence suggested that the skilled migration program was over-saturating high-
skill/high-earning parts of the labour market, the appropriate policy response would be 
to reduce the share of visas allocated to the skilled migration program and increase the 
share of visas designed to achieve non-economic outcomes (and, mechanically result 
in migrants with lower skill-levels on average) rather than adjusting the skilled migration 
program to target lower income migrants.  

The approach generates non-economic outcomes that are no worse 
(and possibly better) than other policy designs 
The Australian migration program has many important non-economic outcomes. These 
include the social integration of migrants, social preferences for migration and limiting 
negative outcomes among migrants (such as crime, abuse or radicalisation). 

While these outcomes are undeniably important, we are not able to select migrants to 
perform well in these areas based on observable criteria that can be included in a 
points test. Therefore, we expect a points test designed to select young, higher earning 
migrants to do at least as well on these measures as any other design. Any underlying 
relationship between economic outcomes and non-economic outcomes almost 
certainly means a points-test targeting positive economic outcomes will indirectly 
target these non-economic outcomes in a positive way. High-earning migrants are less 
likely to commit crime, more likely to integrate into Australian society, and less likely to 
be trapped into abusive or exploitative employment arrangements. 

This approach is also broadly in the interest of migrants 
This paper adopts the normative framework that migration should be designed to 
benefit the incumbent population. However, the suggested approach to visa design also 
aligns with the interests of migrants. Non-migrants gain the greatest economic benefits 
from migrants when migrants too enjoy economic benefits by utilising their skills and 
succeeding in the Australian labour market. While this alignment does not hold for all 
design elements of points-tested visas, the trade-off between the costs and benefits for 
migrants and non-migrants is less important than in other parts of the migration system. 
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Australia should not target labour market shortages using points-
tested migration 
One commonly suggested goal of the skilled migration program is to attract migrants to 
fill ‘labour market shortages’. However, the permanent migration program is ill-suited to 
this goal. Chief among the reasons: 

- The benefit of addressing a labour market shortage will be short-term, while the 
benefits and costs of permanent migration endure. Any benefit related to labour 
market shortages is small compared to long-term outcomes. 

- Many migrants applying for permanent visas already work in Australia. Their 
transition from temporary to permanent status has no net impact on the labour 
market.  

- Measuring and predicting labour market shortages is difficult and expensive. 
There is no evidence that occupations lists are successful in alleviating labour 
market shortages.  

- Occupation lists tend to evolve very slowly relative to changing labour market 
conditions.  Even if it is possible to target well at a point in time, benefits will not 
persist in fast-changing, dynamic markets. 

In Section 4 of this paper, we present further evidence against the use of points-tested 
migration to target skills shortages in low-income occupations. Specifically, we show 
that migrants granted points-tested visas to work in low-income occupations are much 
less likely to actually work in their nominated occupations than are migrants in higher-
income occupations. Therefore, it is not possible to target shortages in these low-skilled 
occupations using permanent skilled visas, as workers will simply move away from 
these occupations once they have received a visa. 

If policymakers are worried about labour market shortages in certain occupations, 
better policy levers than migration can be applied. Governments can implement 
policies to enhance labour market dynamism so shortages are solved by the market.  
This may include removing regulatory barriers (e.g. state-specific licensing for 
tradespeople) or allowing wages to rise in occupations with skills shortages. 

Performance of the existing system and the case for reform 
The economic outcomes of Australian points-tested visas are relatively strong. For 
instance, Varela et al. (2021) found that skilled independent migrants are the second 
highest earning visa category behind employer-sponsored migrants. Points-tested 
migrants are relatively young (in particular, they are younger on average than employer-
sponsored migrants). The average net fiscal impact of a skilled independent migrant 
estimated using the FIONA model is over $200,000 per person (Varela et al., 2021). 

While room remains to improve these outcomes and our analysis provides a pathway 
towards this goal, the economic outcomes of the existing program are not a failure.  
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However, we are more concerned with the complexity of the existing system and the 
impact of points-tested visas on temporary visa pathways. These issues are discussed 
in detail in a recent review of the Australia migration system (Commonwealth of 
Australia, 2023). 
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3. A benchmark points test 
In this section of the paper, we present a points test based on a Mincer-regression 
framework and the age/income trade-off from the Australian Treasury’s Fiscal Impact of 
New Australians (FIONA) model. This points test uses education, English language, age 
and employment experience.  It excludes other points categories which exist in the 
current Australian points test. 

In the following sections, we discuss how this approach can be extended to capture 
points for occupation (Section 4), observed earnings in Australia (Section 5), partner 
characteristics (Section 6) and two-stage migration (Section 7). In each case, these 
extensions improve the ability of the points test to predict migrant outcomes but come 
at a cost of additional complexity (with associated operational and compliance costs). 
Therefore, while the approach presented in this section is less able to predict migrant 
outcomes than more elaborate models, it may still be preferred if simplicity is 
sufficiently important in policy design. 

The theory behind using Mincer regressions and the FIONA model to 
design a points test 
Mincer regressions are a class of econometric models used to predict labour market 
outcomes that were proposed in Mincer (1974). Mincer models have the form: 

ln⁡(𝑌𝑖𝑡⁡) = ⁡𝑋𝑖𝑡𝐵⁡⁡ +⁡𝜀𝑖𝑡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡( 1 ) 

Where 𝑌𝑖𝑡 is the labour market outcome of interest and 𝑋𝑖𝑡 are individual characteristics 
which may vary over time. Mincer models are conceptually founded on the estimated 
return to human capital, although this framework has been extended to measure the 
effects of other factors that predict labour market outcomes. Heckman, Lochner and 
Todd (2006) provide a detailed summary of the many ways these models have been 
applied since the original paper.  

Assigning points in proportion to the estimated Mincer regression coefficients is 
equivalent to calculating a points test score equal to ŷ, the predicted level of income 
from a regression. This implies that assigning points in proportion to the Mincer 
regression coefficients is equivalent to ranking potential migrants in terms of their 
predicted income based on observable characteristics9 from this regression model. 

 
9 Heckman et al. (2006) raises the concern that Mincer models are rarely estimating the causal return to 
characteristics. For the application in this paper, we do not rely on a causal interpretation. Instead, we 
only need the model to be a good predictor of migrant outcomes. It does not matter, for instance, whether 
highly educated migrants earn more because of their education, or whether education is correlated with 
other unobservable factors that predict migrant outcomes.  
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To capture the importance of age in the points test, we need an economic framework 
that captures the expected outcomes of migrants across their lifecycle (i.e., a 
framework that accounts for younger migrants having more years in the workforce after 
migration than older migrants). This paper uses the trade-off in lifetime fiscal impact 
between age and income implied by the FIONA model as estimated in Varela et al. 
(2021).  

Under a points test constructed in this manner, an applicant who earns 10 more points 
than another migrant would be expected to earn 10 per cent more or to be younger by 
enough years to offset the lower income in a FIONA framework. 

Data 
Mincer regressions in this paper are estimated using data made available through the 
Person Level Integrated Data Asset (PLIDA) and follow the approach used in Varela and 
Breunig (2024). 

- All Australia tax returns and payment summaries from 2010-11 to 2021-22 (tax 
returns are used where available while payment summaries are used in 
situations where an individual works but does not file a tax return10).  

- Visas granted from 1990 onwards (which we use to identify primary and 
secondary migrants on points-tested visas).11  

- PLIDA location data (used to identify whether a migrant is in the country). 

- The 2016 Census (used to measure English language capability and education). 

PLIDA has several key advantages over alternative data sources (such as census data 
and migrant surveys) used in previous research on this topic in Australia. The primary 
advantage is that PLIDA has 100% coverage of temporary and permanent visas granted 
from 1990 onwards. This allows us to study long-run migrant outcomes at a highly 
disaggregated level. Administrative data in PLIDA do not suffer from attenuation bias 
that occurs in survey data where some migrants stop responding to follow-up surveys. 

A major limitation of this study is that PLIDA does not directly link with administrative 
data collected in the points test. Therefore, this paper uses proxies for the observable 
characteristics of migrants from other datasets (such as the census or education levels) 
rather than the value migrants claimed in the visa application process. It is worth noting 

 
10 Non-filing can occur because an individual doesn’t earn enough to be required to file a tax return or 
where an individual is late in filing taxes.  
11 Australian points-tested visas (including subclasses 189, 190, 491 and several older visa subclasses 
that have closed to new applicants). We use the classification on skilled independent visas contained 
within the visa dataset to identify the pre-cursors to the modern points-tested visas. These visa classes 
include regional visas, which we have not separately analysed.   
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that this limitation also impacts alternative data sources which are used for research 
such as census data and migrant surveys. 

Another limitation of our approach is that the covariates drawn from the census (English 
language and education) are only available at a single point in time and we therefore do 
not capture any evolution in these variables over time. 

A benchmark points test 
The Mincer regression used for the ‘benchmark’ points test is: 

ln⁡(𝑌𝑖𝑡⁡) = ⁡𝛽0 +⁡⁡𝛽1𝑋𝑖
𝐸𝑛𝑔𝑙𝑖𝑠ℎ

⁡+ ⁡𝛽2𝑋𝑖
𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 +⁡𝛽3𝑋𝑡

𝑦𝑒𝑎𝑟
+ 𝛽4𝑋𝑖𝑡

𝑎𝑔𝑒
+⁡𝛽5𝑋𝑖

𝑔𝑒𝑛𝑑𝑒𝑟
+⁡𝜀𝑖𝑡 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡( 2 ) 

Where: 

- ln⁡(𝑌𝑖𝑡⁡) is the log of taxable income.12 

- 𝑋𝑖
𝐸𝑛𝑔𝑙𝑖𝑠ℎ is a set of 5 dummy variables for self-reported English language skills 

from the 2016 census.13  “Speaks English only” is the reference category. 
- 𝑋𝑖

𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 is a set of 7 dummy variables for highest level of education. High 
school education is the reference category. 

- 𝑋𝑖𝑡
𝑎𝑔𝑒  is a set of 35 dummy variables for single year of age from 26-60. 25 years 

old is the reference category. 

- 𝑋𝑖
𝑔𝑒𝑛𝑑𝑒𝑟 is a dummy variable equal to one if an individual is male. 

We estimate this model on the sample of all primary points-tested visa holders who 
received a permanent, points-tested visa after 1991 using tax return data from 2010-11 
to 2021-22. The estimated coefficients from this regression are presented in Table 3.1 

Table 3.1: Regression results from Equation (2)  
Dependent variable: ln(income) Regression coefficient 
PhD 0.33 
Master’s 0.08 
Bachelor’s degree 0.16 
Certificates and diplomas -0.11 
English – Very well -0.16 
English – Well -0.32 
English – Not well -0.53 
Male 0.21 

 
12 Our preferred specification is based on taxable income rather than wages. Taxable income captures 
self-employment income and is more directly linked with the MVPF analysis in Colas and Sachs (2024). 
As shown in Appendix B, using wages rather than taxable income has minimal impact on the implied 
points test allocations.  
13 This paper uses 2016 census information for English language and education rather than information 
from the visa application process. While the administrative visa data are richer, the type of information 
collected varies across visa categories and years. If missing information can’t be fully identified, it could 
introduce bias into our analysis. An additional advantage to using census data is that these variables are 
comparable across migrants and non-migrants.  



 
 

15 

Year effects Yes 
Age effects Yes 
N 887976 
R-squared 0.20 

All estimates are statistically significant at the 5 per cent level. The table excludes estimates of dummy 
variable categories for English language and education that are included in the regression but not relevant 
to the points test such as less than high school level education. 

Output from Table 3.1 can be interpreted as the percentage wage premium to that 
variable, holding other migrant characteristics constant. For instance, a migrant with a 
PhD earns 33 per cent more, all else equal, than a migrant with a high school level of 
education. A points test based on this Mincer regression would assign points equal to 
these estimated wage premiums. For instance, a PhD would be worth 33 points if having 
a high school level of education received zero points. 

The relative returns to education estimated in Equation (2) do not align with the 
expected order. For example, the returns to a master’s degree are less than an 
undergraduate degree and the returns to VET qualifications are lower than migrants with 
only a high-school level of education.  One possible explanation for these effects is a 
selection process that occurs within the existing points test in which aspiring migrants 
choose degrees to increase their chance of a visa, which changes the expected returns 
to education.14 For instance, we do not see this ordering when looking at other visa 
cohorts in Varela and Breunig (2024). Therefore, in our preferred points test, we give 
equal points to master’s and undergraduate degrees. We also give equal points to VET 
and high school level education. 

Sensitivity of points test design to econometric design 

The results presented in Table 3.1 are our preferred econometric specification. 
However, modifications can be made to this regression. In Appendix B we examine 
some alternatives, including changing the model outcome variables and adding 
interaction terms between explanatory variables in the model. 

The estimated coefficients from the alternate specifications are relatively similar and 
therefore have a smaller impact on the implied points test design compared to the other 
design factors considered in this paper (such as the inclusion of occupation or 
observed income, or the implementation of a points-tested visa in the presence of two-
stage migration). We focus our attention on these key design factors in the main body of 
the paper and refer readers to the Appendix for details of the results from the alternative 
specifications. 

 
14 Another potential explanation of the negative returns of VET qualification relative to high-school level 
education is that there is a relatively small share of points-tested migrants that have a high-school level 
education. Occupations on the Skilled Occupation List typically require tertiary education. Migrants with 
high-school level education only are likely different in other, unobservable ways. 
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Treatment of age in the points test 
The long-term economic impact of migrants is heavily dependent on their age at arrival, 
for two reasons: 

- Migrants arriving earlier in their working life spend a greater number of years in 
the Australian labour market. 

- Age at arrival may (all else held equal) directly predict migrant outcomes. 

We use a Mincer regression design to show that the age-at-arrival effect is likely to be 
small and that the points test can be based on a life-cycle trade-off between age and 
income drawn from the FIONA model. 

Demographic benefits of younger migrants 

Employment is concentrated in the middle of the lifecycle. This pattern is mirrored in 
the Australian tax and transfer system where the young and old are net beneficiaries of 
government services while those of working age receive less, on average, in government 
services than they pay in tax. This means, all else being equal, concentrating the 
migration program on migrants towards the start of their working lives will generate a 
‘demographic dividend’. Indeed, research from the Australian Treasury finds the 
Australian skilled migration program generates a significant positive fiscal benefit, and 
that the ‘demographic dividend’ of a young migrant cohort is the most important factor 
in generating this result (Varela et al. 2021).15 

To capture this effect in a points test, we use the high-level trade-off between age and 
income estimated in the FIONA model (Varela et al. 2021). This trade-off, reproduced in 
Figure 3.1, shows the combination of starting income and age that gives an equivalent 
lifetime fiscal impact.16 For example, a new migrant aged 50 years would need to earn 
about $200,000 on arrival to have an equal net fiscal impact to that of a new migrant 
aged 30 years earning about $100,000 on arrival. 

 
15 The approach in Varela et al. (2021) is to calculate the fiscal impact of the skilled migration program 
after artificially adjusting certain characteristics of this cohort including the age profile, earnings profile 
and labour force participation to reflect that of the non-migrant population. Adjusting the age profile of 
the skilled migration program to equal that of the non-migrant population removes around two thirds of 
the fiscal benefit of the skilled migrant population. 
16 This figure assumes that migrants’ income grows along a typical age-based trajectory, and that the level 
of government expenses is determined entirely by age and is independent of income at arrival.  
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Figure 3.1: Trade-off between income on arrival and age from FIONA model 

 

Reproduced from Chart 12 of Varela et al. (2021) 

This trade-off allows us to compare the benefit of age and other characteristics on a 
common scale. Specifically, at each age, we calculate the percentage wage premium 
required to maintain an unchanged lifetime fiscal impact. These values can be directly 
compared to the Mincer regression coefficients estimated as percentage wage 
premiums.17 

The implied points weightings from this calculation are presented alongside the existing 
points for wage in Figure 3.2. Such an approach provides a much larger weighting 
towards youth (a much larger penalty for being older) than the existing system.18 

 
17 The Mincer regressions we use control for the effect of age using a series of dummy variables for each 
year of age. This is consistent with the construction of Figure 3.1 which assumes that migrant income 
follows a typical lifecycle growth path. 
18 A consequence of the relatively small weighting of age in the existing system is that migrant 
characteristics that are correlated with age (such as having a PhD or having years of work experience) 
may indirectly lead to an older migrant cohort. As a result, in a system that has a relatively small reward 
for youth, it makes sense to decrease points for categories that correlate with age in order to indirectly 
(and imperfectly) prioritise younger applicants. 
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Figure 3.2: Comparison of the implied points for age from the FIONA model and the 
existing points test 

 

This figure calculates the points for age by single year of age. We then aggregate this into multiple-year 
groups in Tables 3.2 and 3.3. The original calculation presented in Figure 3.1 does not go below 25 years. 
We assign equal points to 25 year olds and anyone less than age 25.    

Does age at arrival directly predict migrant outcomes? 

In additional to the demographic dividend achieved by prioritising young migrants, age 
at arrival may directly predict migrant outcomes. For instance, skilled independent 
migrants who arrive at age 23 may be ‘different’ to those who arrive at age 30, in ways we 
cannot observe. 

We test for this effect in Varela and Breunig (2024) and find a positive age-at-arrival 
effect for both older migrants (aged 33 and over) and younger migrants aged 18-24.19 
These results are reproduced in Table 3.2. 

Table 3.2: Estimated “Age at arrival” effects in a Mincer framework   
 Intensive margin Extensive margin Total effect on 

income 
18-24 0.0306*** 0.882*** 2.1%*** 
33-40 0.0186*** 0.994 1.8%*** 
Over 40 0.0583*** 0.834*** 4.4%*** 

Levels of statistical significance are indicated by :  * 10%; ** 5%; *** 1%. These results are directly drawn from 
Appendix C of Varela and Breunig (2024) and are part of the “Migrant group Extensive” and “Migrant Group Intensive” 

 
19 Including age-at-arrival effects in these regressions causes issues of collinearity when the regression 
includes year, age and years since arrival. In such cases, the standard approach is to include variables 
pooled across multiple years as in Table 3.2. 
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results. The intensive margin results are interpreted as a percentage wage premium while the extensive margin 
results are odds ratios from a logistic regression. Combined results are calculated by converting the impact of the 
odds ratio at the mean and can be interpreted as a percentage change in expected income.  

For migrants aged 18-24, there is a positive estimated impact at the intensive margin 
and a negative impact on the extensive margin. Those aged 18-24 years at migration 
earn 3.1 per cent higher wages than those aged 25-32 years but are 12 per cent less 
likely to be employed. The net impact of these two effects is positive, and the 18-24 
bracket thus earn 2.1 per cent more over their lifetime than those aged 25-32 at 
migration. Similarly, migrants aged over 40 at arrival earn 4.4 per cent more than would 
be predicted by other observable migrant characteristics. 

In principle, these values could be used to adjust the points awarded for age in Figure 
3.2 and in estimated points tables in this paper. However, we choose not to do so for 
two reasons: 

- The effect is an order of magnitude smaller than the trade-off within the FIONA 
model – Migrants above the age of 40 earn 4.4 percent more than the 25-32 year 
cohort but would need to earn around 50 per cent more to have an equivalent 
lifetime fiscal impact. 

- It is difficult to obtain a visa above the age of 40 and the higher earnings among 
this group likely reflects this selection process.  

We thus include age in a points test, based exclusively on the age-earnings trade off 
implied by the lifecycle age/income profile. 

Treatment of experience in the points test 
The regression results in Table 3.1 do not control for experience. To estimate this effect, 
we are restricted to the subset of data where we can observe work experience in 
Australia.  To examine this question, we use data where migration occurs after the start 
of our tax data.  

The return to labour market experience in a Mincer regression is capturing two different 
effects: 

- Experience in a particular occupation shows that someone has been able to find 
employment in their chosen occupation and thereby provides a signal both 
about the quality of their human capital and the likelihood that they will be 
employed in the future. 

- As people age, they typically gain more experience and earn more as a result. 

In the design of a points test, points for experience should capture the first component 
but not the second. Intuitively, for any particular migrant, we would prefer for them to 
arrive earlier in their career. 
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Therefore, we estimate a Mincer regression that includes a dummy variable for having 
been observed in the same occupation in Australia any year before being granted a 
permanent visa. 

ln⁡(𝑌𝑖𝑡⁡) = ⁡𝛽0 +⁡⁡𝛽1𝑋𝑖
𝐸𝑛𝑔𝑙𝑖𝑠ℎ

⁡+ ⁡𝛽2𝑋𝑖
𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 +⁡𝛽3𝑋𝑡

𝑦𝑒𝑎𝑟
+ 𝛽4𝑋𝑖𝑡

𝑎𝑔𝑒
+⁡𝛽5𝑋𝑖

𝑔𝑒𝑛𝑑𝑒𝑟
+ 𝛽6𝑋𝑖

𝑒𝑥𝑝𝑒𝑟𝑖𝑒𝑛𝑐𝑒
+⁡𝜀𝑖𝑡 ⁡⁡⁡⁡⁡(3) 

Other variables are defined as in Equation (2). We estimate this model using the sample 
of migrants who arrive from 2012-13 onwards.  

We find that migrants with previous Australian work experience earn around 15 per cent 
more, all else equal, than migrants without previous experience. We also find that 
migrants with previous Australian work experience are more likely to work in their 
nominated occupation (64% work in their nominated occupation compared to 42% 
amongst those that have no previous work experience). 

Based on this analysis, we suggest an allocation of 15 points for previous experience in 
the same occupation. This approach does not allow us to estimate the return to 
international experience. However, given that the main value of including experience in 
the points test is that it shows a migrant has been able to find work in the Australian 
labour market, it follows that the points for international experience would be 
significantly smaller. We could produce better estimates of the importance of 
experience if visa application data were linked to migrant outcomes in PLIDA.  

Finally, an alternative way of capturing experience is through a two-stage migration 
framework where in-country experience as a temporary migrant is used as a factor in 
determining the granting of a permanent visa.  We examine this below in our 
consideration of a potential two-stage migration framework—see Section 7. 

Other existing categories of the points test should be removed 
The existing points test contains several categories that are not related to human capital 
and therefore unlikely to predict migrant economic outcomes. Where a variable does 
not predict migrant outcomes, the case for its removal from the points test is strong. In 
addition to improving the selective properties of the points test, removing these 
variables also reduces administration and compliance costs. 

We cannot currently link data from visa applications to the administrative data we use. 
In some cases, we can use proxies from other datasets. In other cases, we rely on 
strong theoretical arguments and related empirical research indicating that when a 
characteristic is unrelated to human capital it is unlikely to impact migrant outcomes. 

Community language 

The existing points test provides 5 points for migrants that hold a recognised 
qualification in a credentialled community language. Table 3.1 above shows there is a 
significant earnings premium (16 per cent) for migrants who only speak English over 
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those who speak English “very well” while also speaking another language. This 
suggests a pure Mincer approach would reward those who only speak English over 
those speaking multiple languages. 

Good reasons suggest not to follow a ‘pure’ Mincer approach and reward migrants who 
only speak English.  Beside the principle that the points test should be broadly neutral 
with respect to country of origin, applicants may simply respond to such an approach 
by claiming to only speak English.  

However, we do suggest removing points for speaking multiple languages, to move the 
system towards a ‘country-of-origin neutral’ approach. This also has the added benefit 
of removing the expense of generating community language certification. 

Study in regional Australia 

Our data do not include information on where a migrant studied so we are unable to 
estimate the returns to education in regional areas. However, other research (covering 
both migrants and non-migrants) suggests that regional Australian universities generate 
a lower wage premium than those in metropolitan areas. Koshy, Seymour and Dockery 
(2016) estimate that graduates from the Regional University Network earn around 11% 
less than graduates from other Australian universities.20 

Professional Year in Australia 

The authors of this paper are unaware of any empirical evidence that shows migrants 
perform better as a result of completing a professional year program.  We are also 
unable to address this question directly using administrative data. However, we believe 
a strong prima facie case shows this program is unlikely to represent an optimal human 
capital decision for migrants undertaking the program and should be removed from the 
points test. Instead, we favour a system in which migrants are rewarded for work in their 
chosen occupation. 

Specialist education qualification 

The existing category most closely linked to the Mincer regression framework is the 
points awarded to postgraduate degrees by research in a subset of Science, Technology, 
Engineering and Mathematics (STEM) fields. At present, very few people apply for this 
category, suggesting its addition has not been successful and that a simpler approach 
providing additional points for migrants with PhDs in any field would be more effective in 
identifying high-income migrants. 

 
20 This paper does not address the much broader question of whether migration policies should favour 
migration towards regional areas. However, where this is the policy objective, it would likely be better to 
target this outcome directly using regional visas rather than including regional study in the points test. 
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Comparing this approach to the existing Australian points test 
By combining the results in Table 3.1 and Figure 3.2, we generate a benchmark points 
test and compare it to the existing Australian skilled independent points test. To make 
this comparison, the points for age are aggregated to the existing year categories (Table 
3.3). We round all numbers to a multiple of 5 and adjust values for education to 
maintain the expected order of education categories.  

Table 3.3:  Comparison of the benchmark points test with the existing points test 

Characteristic   Current points test Our Baseline benchmark 

Age 18-24 25 65 

  25-32 30 65 

  33-39 25 45 

  40-45 15 15 

English language Superior 20 20* 

  Proficient 10 10* 

  Competent 0 0 

Education PhD 25 35 

  Masters 20 15 

 Undergraduate 20 15 

  Diploma/VET 15 0 

  
High school or 
lower 0 0 

Experience in Australia 0-1 year 0 0 

 Over 1 year 5 - 20 15 

International experience  Up to 15 points 0 

Regional study  5 0 

Professional year  5 0 

Community language  5 0 

Partner language  10 0 

Specialist education  5 0 
* The data used to estimate the impact of English Language skills are based on self-reported values from 
the census and are not directly comparable to IELTS scores. While we don’t change the number of points 
allocated to English language in the benchmark points test, this still implicitly lowers the relative points 
for English language compared to other categories.  

From Table 3.3, the main differences between the benchmark points test and the 
existing system are the treatment of age and the exclusions of regional study, the 
professional year, community language and specialist education categories. The 
benchmark system would provide a higher points allocation to applicants who hold 
PhDs and a lower allocation to those with trade qualifications. 
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Additional properties of the benchmark points test 
We conclude this section by discussing some key properties of the benchmark points 
test described above.  

Points tests allow us to choose which determinants of migrant outcomes to include 

A ‘pure’ Mincer regression approach would assign points for all components of the 
regression. For instance, based on Table 3.1, we would assign 21 points to male 
applicants on the basis that men earn more than women. We would also assign points 
based on the country of origin and the visa history of the migrant as these are strong 
predictors of migrant income; see Varela and Breunig (2024).  

Existing policy explicitly rejects the idea that we should select migrants based on 
characteristics such as gender or country of origin, with several potential justifications 
for these omissions: 

- Higher pay may represent labour market discrimination and therefore excluding 
these values represents “true” labour market outcomes.  

- An explicit policy preference for balancing the number of men and women in the 
migration program and for a migration system ‘neutral’ to country of origin. 

- Corroborating evidence suggests the high return to gender partly results from 
focusing only on outcomes of the primary migrant (in Section 6, we find the 
return to gender decreases when looking at household rather than individual 
income, though the effect does not entirely disappear). 

Regardless of the underlying rationale, one benefit of a points-tested visa is the 
possibility to exclude categories from a points test for reasons beyond their impact in a 
regression. In contrast, a visa based solely on migrant outcomes must include these 
returns.21  

A stronger focus on age may improve the gender balance of the migration program 

Potentially, an increased focus on younger migrants will improve gender balance in the 
migration system.22 The gender pay gap increases with age, so selecting migrants based 
on employment characteristics earlier in life will generate a more equal split. 

 
21 We include gender in the Mincer regressions but exclude points for gender in the suggested policy. An 
alternative approach would exclude gender in the underlying regressions and thereby indirectly capture 
the impact of covariates correlated with gender.  
22 Goldin (2014) describes how the gender pay gap varies over the lifecycle and discusses the ability of 
different theoretical frameworks to explain this lifecycle variation.  Bahar , Bradshaw, Deutscher and 
Montaigne(2023) estimate the effect of having children on the gender wage gap in Australia. 
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Points allocations are inter-related  

Another important insight from the Mincer regression framework we use is that the 
appropriate allocation of points given to any particular migrant characteristic will 
depend on what else is included in the points test. 

For example, compare the relatively large returns to education in Table 3.3 with similar 
regressions that also include controls for nominated occupation. When occupation is 
included, the returns to education fall significantly. The intuition is that education 
provides some information about a migrant’s occupation (doctors have more education, 
on average, than chefs) but this effect diminishes when we include occupation in the 
regression. 

For this reason, care must be taken when comparing results from different sections of 
this paper. In Section 8, we provide three reform options with consistent points 
weightings, for easy comparison. 

Points allocations are based on historical relationships  

Mincer regressions are based on historical determinants of labour market outcomes. If 
the points test were changed significantly, migrants may respond strategically. This 
must be taken into account when considering any potential change. 

Points allocations are calculated in the presence of Skilled Occupation Lists, 
occupation ceilings and Ministerial Directives favouring certain occupations 

The estimated relationship between migrant characteristics and outcomes are also 
influenced by elements of the visa system that favour certain occupations. Therefore, 
the points allocations in Table 3.3 should be interpreted as the factors that predict 
migrant success in the presence of these rules.23  

The benchmark points test has a relatively weak ability to distinguish between 
applicants 

The regression above (Equation (2)) is estimated using only primary skilled migrants and 
has an R-squared of 0.20. This is relatively low for a Mincer regression (R-squared values 
typically range from 0.3 - 0.45).  The pooled regression in Varela and Breunig (2024) has 
an R-squared of 0.33. Regressions in the next section that include occupation have an 
R-squared of 0.33. 

The low R-squared is not surprising.  Primary points-tested migrants are already 
selected to be within a ‘high-skill’ section of the labour market. Within this group, 
observable characteristics used in this analysis have modest additional ability to 
predict labour market outcomes. 

 
23 The appropriate role of nominated occupation in the points test is the focus of Section 4 of this paper.  
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One consequence of the relatively low predictive power of a benchmark points test 
based on Table 3.3 is the difficulty qualifying for a visa above the age of 33. Even though 
many migrants above this age earn enough to justify this trade-off in the FIONA 
framework, a Mincer regression based only on education and language is not able to 
identify which potential migrants will be high-earners. As a result, a points test will 
default to picking young migrants. This changes when occupation or observed income 
in Australia are included in the points test. 
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4. The role of occupation in points-tested visas 
This section examines the role of occupation in the design of points-tested visas. While 
points are not directly awarded based on occupation in the current Australian visa 
system, occupation is an important part of the selection process through Skilled 
Occupation Lists, occupation ceilings that limit the number of migrants in any one 
occupation, and the use of Ministerial Directives that prioritise applicants in certain 
occupations. We show that selecting migrants in high-earning occupations has been an 
important part of the economic ‘success’ of the existing migration program, but that 
significant potential gains remain available by improving this selection. We discuss 
different options for capturing this information in the points test and the potential 
economic impact of these options. 

We find a strong positive correlation between the average incomes earned in 
occupations and the rate at which migrants find work in these occupations following 
migration. This strongly suggests that the skilled migration program should not include 
migrants in low-income occupations. Migrants in low-income occupations generate 
lower direct economic benefits than those in higher earning occupations. Their 
inclusion within the program is argued for on the basis that it may alleviate skills 
shortages in these occupations. If the evidence shows that migrants rarely work in these 
occupations, then little or no alleviating of labour market shortages occurs. 

Occupation plays a large role in the existing system 
Existing points-tested visas do not allocate points based on an applicant’s nominated 
occupation. However, the visa incorporates information on migrant occupation in 
several ways: 

- First, all applicants must have an occupation that is on the Skilled Occupation List 
(SOL). This list is based on skill-level 1-3 occupations (ABS, 2019) but does not 
otherwise prioritise high-earning occupations. For instance, Coates, Bradshaw and 
Wiltshire (2024) show that there is little relationship between an occupation’s 
presence on the skilled occupation list and the average income within that 
occupation. 

- Second, a cap is placed on the maximum number of visas granted in any single 
occupation. This is known as an “occupation ceiling”.   

- Third, Ministerial Directives prioritise the processing of visa applications in certain 
occupations independent of points received. These directives relegate the points 
test to the role of selecting applicants within occupational groups. 

In practice, the impact of these restrictions is to vary the number of points required to 
achieve a visa across occupations.  The Department of Home Affairs publishes these 
figures on their website (Department of Home Affairs, 2025).  
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Occupation selection is a key component of the success of the existing program 

Migrants in the Skilled Independent visa program earn more, on average, than other 
permanent migrants to Australia. In a previous paper, we use an Oaxaca-Blinder 
decomposition (Oaxaca,1973; Blinder, 1973) to understand how much difference can 
be explained by observable characteristics. See Varela and Breunig (2024) for 
discussion and implementation details.  

This calculation, reproduced in Table 4.1 below, shows primary skilled migrants have a 
17.5 percentage point wage premium associated with working in high-paying 
occupations. If primary skilled independent migrants had the same occupational 
distribution as the rest of the permanent migration program, we would expect them to 
earn 17.5 per cent less. The occupational wage premium is much larger than the 4 per 
cent premium associated with high levels of education and the 1 per cent premium 
associated with stronger English language skills. This occupational premium is also 
higher than that associated with primary employer sponsored migrants (11 per cent). 

Table 4.1: Oaxaca-Blinder decomposition results from Varela and Breunig (2024) 
  Skill Ind. Primary Skill Ind. Secondary 

Ln (income) of visa group 11.04*** 10.60*** 

Ln (income) of all other perm. migrants 10.68*** 10.78*** 

Difference 0.367*** -0.182*** 

Explained 0.233*** -0.0778*** 

Unexplained 0.134*** -0.104*** 

Explained by   

Year -0.00717*** 0.00623*** 

Age -0.0000157 0.00227*** 

Years since grant 0.00216*** 0.00640*** 

Male 0.0729*** -0.0713*** 

Occupation 0.175*** -0.0113*** 

Geography 0.000175*** 0.000643*** 

Education 0.0397*** 0.00571*** 

English 0.0144*** 0.0126*** 

Visa History -0.0662*** -0.0204*** 

Party size 0.00312*** -0.00618*** 

Grant age -0.000531*** -0.00244*** 

Levels of statistical significance are indicated by:  * 10%; ** 5%; *** 1% 

The results in Table 4.1 are based on pooled cohorts of skilled independent migrants 
observed in the tax years 2010-11 to 2021-22. The visa program changed considerably 
over this period and so these results should be considered an average measure over 
this period.  

Nominated versus realised occupation and downskilling 

Before considering options for including occupation in the points test, we examine the 
relationship between the stated occupations that migrants put on their application and 
the actual occupations in which they work once in Australia.  The PLIDA dataset we use 
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allows us to compare nominated occupation of migrants and actual (self-reported) 
occupation of migrants in tax return data.24 

Using this definition, we can examine the share of migrants whose observed 
occupations ‘match’ their nominated occupation. Given the nested nature of the 
Australia and New Zealand Standard Classification of Occupations (ANZSCO), this 
matching rate can be defined at different levels. We define a match at a 4-digit ANZSCO 
level.25 We also use the ANZSCO skill classifications to understand when migrants 
move to a lower skill occupation compared to situations in which they move to a 
different, but comparable job. Figure 4.1 shows the shares of points-tested migrants 
that: 

- Match at a 4-digit ANZSCO level 
- Are employed at a lower skill level than their nominated occupation 
- Are employed at a higher skill level than their nominated occupation 
- Are employed at the same skill level (but who do not match at a 4-digit ANZSCO 

level) 
- Are not observed in the tax return data (but are observed in the country for more 

than 6 months)26 
- Do not report an occupation on their tax returns 

This shows that only around 30-40 percent of points-tested migrants are employed in 
their nominated occupation, with another 20-30 per cent employed in a different job at 
the same skill level. Concerningly, around 20 per cent of points-tested migrants are 
employed at a lower skill level than their nominated occupation.  

 

 
24 Coates et al. (2024) follow a similar approach to measuring skills downgrading using PLIDA data. 
25 For instance, this allows for a Registered nurse (Aged care) 254412 and a Registered Nurse (Child and 
Family Health) 254413 to be considered a ‘match’. 
26 We exclude the small share of migrants that are outside of the country for more than 6 months from this 
calculation. 
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Figure 4.1 Estimated matching rates using different definitions 

 

The impact of occupational mismatch on migrant outcomes 
To understand how occupational matching (and downskilling) affect migrant earnings, 
Table 4.2 presents a decomposition of the earnings rates among the most common 6-
digit occupations observed in the tax data. This decomposition uses ‘standardised 
income’, defined as annual taxable income of a migrant divided by the average annual 
taxable income of non-migrants of the same age (including those earning no income). In 
other words, a standardised income of 1.2 implies that this group of migrants earn 20% 
more, on average, than non-migrants of the same age. 

Each row of Table 4.2 represents a nominated occupation. The table shows: 

- The standardised income migrants earn if they work in their nominated 
occupation (matching at the 4-digit level), along with the share of migrants 
working in this occupation. 

- The standardised income migrants earn if they work in a different occupation at 
the same skill level, along with the share of migrants in this group.  

- The standardised income migrants earn if observed working in a lower skill level 
job than the one they nominated.  

- The standardised income migrants earn if they don’t report an occupation, along 
with the share of migrants in this group. 

- The standardised income among all migrants that nominate each occupation, 
along with the share of migrants in this group. 
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Table 4.2 shows the wage penalty for being unmatched in occupation but working at the 
same skill level is relatively small.  However, the wage penalty related to working at a 
lower skill level is substantial. We also see the share of migrants that match in 
occupation or skill level varies significantly by occupation. 

Those with no observed occupation in our data also face a substantial wage penalty, 
though less than for those employed at a lower skill level. This suggests some 
downskilling is showing up in this group and that the share of migrants we observe 
working in a lower skilled job is likely an underestimate of the true level of skill under-
utilisation. 

The occupations of Cook and Hairdresser are outliers. They have substantial wage 
penalties even when workers are exactly matched at the 4-digit level to their nominated 
occupation.  These penalties may be a result of visa integrity issues in which 
predominately for-profit education providers scaled up training of cooks and 
hairdressers because it provided a guaranteed pathway to permanent residency (Birrell, 
Healy and Kinnaird, 2007).  Alternatively, the low matching rates of these occupations 
might be interpreted as a cautionary tale relating to low-income occupations.  We 
explore this in what follows.
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Table 4.2: Decomposition of the effect of occupational matching for the largest 20 nominated occupations 

6 digit nominated occupation 

Employed in that 
occupation  

Employed in a different 
occupation at the same 
skill 

Employed in a 
different occupation 
at a lower skill level 

No occupation 
in tax records  All migrants  

 Share 

Standardised 
income Share 

Income 
penalty Share 

Income 
penalty Share 

Income 
penalty 

Standardised 
income n 

Accountant (General) 0.32 1.18 0.15 0.11 0.35 -0.31 0.10 -0.71 0.97 134412 

Software Engineer 0.58 1.68 0.22 -0.07 0.06 -0.71 0.05 -0.64 1.56 54595 

Cook 0.03 0.64 0.04 0.15 0.30 0.19 0.16 -0.24 0.71 51687 

Developer Programmer 0.26 1.59 0.37 -0.07 0.17 -0.63 0.08 -0.88 1.34 51486 

Mechanical Engineer 0.49 1.68 0.24 -0.18 0.11 -0.76 0.07 -0.84 1.44 30506 

Civil Engineer 0.41 1.55 0.23 -0.07 0.23 -0.51 0.06 -0.85 1.33 26867 

ICT Business Analyst 0.51 1.50 0.16 -0.18 0.21 -0.51 0.07 -0.90 1.25 25490 

Registered Nurses nec 0.14 1.68 0.37 -0.06 0.19 -0.62 0.07 -0.76 1.46 22057 

Electronics Engineer 0.83 1.19 0.06 0.04 0.05 -0.27 0.04 -0.26 1.15 20195 

General Practitioner 0.12 1.44 0.53 0.04 0.20 -0.43 0.06 -0.79 1.28 19545 

Analyst Programmer 0.44 1.67 0.29 -0.08 0.09 -0.63 0.05 -0.68 1.53 17318 

Computer Network & Systems Eng’r 0.30 1.68 0.40 -0.16 0.16 -0.70 0.06 -0.85 1.43 17014 

Registered Nurse (Medical) 0.85 1.15 0.07 0.14 0.03 -0.30 0.03 -0.31 1.12 16228 

Systems Analyst 0.15 1.66 0.46 -0.09 0.17 -0.68 0.06 -0.85 1.42 14778 

Electrical Engineer 0.42 1.57 0.25 -0.10 0.20 -0.56 0.06 -1.01 1.32 13496 

Secondary School Teacher 0.49 1.20 0.24 -0.19 0.13 -0.42 0.06 -0.68 1.01 11862 

Hairdresser 0.12 0.47 0.09 0.15 0.28 0.13 0.19 -0.16 0.51 10962 

Engineering Technologist 0.07 1.51 0.50 0.00 0.28 -0.45 0.07 -0.85 1.28 9862 

Chemical Engineer 0.25 1.63 0.35 -0.23 0.23 -0.66 0.08 -1.15 1.25 8306 

Electrician (General) 0.57 1.54 0.04 -0.38 0.11 -0.66 0.09 -0.76 1.34 7900 
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To generalise the findings from Table 4.2, we modify the regression from Equation (2) to 
include dummy variables for mismatch at a 4-digit level, downskilling (observed 
occupation at a lower skill level than nominated occupation), upskilling (observed 
occupation at a higher skill level than nominated occupation) and no reported 
occupation. Matching at the 4-digit occupation level is the reference category. All other 
variables are defined as in Equation (2). 

𝑌𝑖𝑡⁡ =⁡𝛽0 +⁡⁡𝛽1𝑋𝑖
𝐸𝑛𝑔𝑙𝑖𝑠ℎ

⁡+ ⁡𝛽2𝑋𝑖
𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 +⁡𝛽3𝑋𝑡

𝑦𝑒𝑎𝑟
+ 𝛽4𝑋𝑖𝑡

𝑎𝑔𝑒
+⁡𝛽5𝑋𝑖

𝑔𝑒𝑛𝑑𝑒𝑟
+ 𝛽6𝑋𝑖

𝑁𝑜𝑚_𝑂𝑐𝑐𝑢𝑝𝑎𝑡𝑖𝑜𝑛
+

⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡𝛽7𝑋𝑖𝑡
𝑀𝑖𝑠𝑚𝑎𝑡𝑐ℎ + ⁡⁡⁡𝛽8𝑋𝑖𝑡

𝐷𝑜𝑤𝑛𝑠𝑘𝑖𝑙𝑙 +⁡𝛽9𝑋𝑖𝑡
𝑈𝑝𝑠𝑘𝑖𝑙𝑙

+⁡𝛽10𝑋𝑖𝑡
𝑛𝑜_𝑜𝑐𝑐𝑢𝑝𝑎𝑡𝑖𝑜𝑛

+⁡𝜀𝑖𝑡                                                   (4)                                                                  

We estimate a penalty for occupational mismatch of around 2.5 per cent and a penalty 
for working at a lower skill level of about 28.8 per cent.  

Options for capturing the returns to occupation in a points test 
In the Mincer regression framework used here, the different returns to occupation would 
enter the points test like any other migrant characteristic. Under such an approach, 
using the estimated wage premiums based on nominated occupation rather than 
observed occupation (as this is what is known at the time a migrant applies for a visa) is 
important. 

Wage premiums are estimated using a Mincer regression of the following form where 
the variables are defined as in Equation (2): 

𝑌𝑖𝑡⁡ =⁡𝛽0 +⁡⁡𝛽1𝑋𝑖
𝐸𝑛𝑔𝑙𝑖𝑠ℎ

⁡+ ⁡𝛽2𝑋𝑖
𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 +⁡𝛽3𝑋𝑡

𝑦𝑒𝑎𝑟
+ 𝛽4𝑋𝑖𝑡

𝑎𝑔𝑒
+⁡𝛽5𝑋𝑖

𝑔𝑒𝑛𝑑𝑒𝑟
+ 𝛽6𝑋𝑖

𝑁𝑜𝑚_𝑂𝑐𝑐𝑢𝑝𝑎𝑡𝑖𝑜𝑛
+ 𝜀𝑖𝑡 ⁡⁡⁡⁡( 5 ) 

Table 4.3 presents selected results from this regression.27 These premiums are 
interpreted as the wage premium relative to the reference occupation in this regression 
(accommodation and hospitality manager). 

Table 4.3: Selected occupational premiums 

Occupation Wage premium 
Plastic and Reconstructive Surgeon 217% 
General surgeon 149% 
Software Engineer 48% 
Accountant 10% 
Registered Nurse (Medical) 12% 
Hairdresser -35% 
Secondary school teacher 10% 

 

The observed premiums in Table 4.3 are ‘large’ compared to other Mincer regressions 
coefficients. Medical specialities dominate the list of high-paying occupations. For 
instance, the top ten occupations in order are: Plastic and Reconstructive Surgeon; 

 
27 A full list of the 516 6-digit nominated occupations is available upon request from the authors. 
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Radiation Oncologist; Ophthalmologist; Cardiothoracic Surgeon; Otorhinolaryngologist; 
Neurosurgeon; Diagnostic and Interventional Radiologist; Urologist; Dermatologist; and 
Gastroenterologist. The ten lowest (negative) wage premiums are found in: Jewellery 
Designer; Flying Instructor; Music Director; Music Professionals (not elsewhere 
classified); Picture Framer; Art Teacher (Private Tuition); Photographer, Real Estate 
Agent; Education Reviewer; and Animal Attendants and Trainers (not elsewhere 
classified). 

It is also useful to compare the occupational premiums estimated in Equation (5) by 
ANZSCO skill level. Figure 4.2 shows the estimated premiums broadly follow the 
expected order – skill level 1 has higher average premiums than skill level 2, which is in 
turn higher than skill level 3. However, significant variation also appears within each 
category – many skill level 1 occupations have negative wage premiums and many skill 
level 2 and 3 occupations have large positive premiums. 

Figure 4.2: Histogram of occupational premiums from Equation (5), by ANZSCO skill 
level 

 

Potential benefits from including occupation in a points test 
In the Mincer regression framework we use, each applicant would receive a number of 
points equal to the earnings premiums presented in Table 4.3 and Figure 4.2. However, 
directly implement such a rule is impractical as it would require over 500 points 
categories. Aggregating these categories into a smaller number of groups would simplify 

Mean 0.27 

Median 
0.17 

Mean 0.09 

Median 
0.05 

Mean 0.00 

Median 
0.00 
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this process, but would also reduce the information gained by including occupation in 
the points test.  

To obtain more information about this trade-off, we test the power of the points test to 
predict migrant outcomes (using the tool developed in Appendix A) using the following 
alternative points tests: 

- A points test with no information on occupation 
- A points test with all 516 categories of nominated occupation (as in Equation 

(5)). [All nominated occupations] 
- A points test based on three ‘tiers’ of occupation which group together 

occupations in Equation (5) with the highest estimated returns. [Pooled 
regression coefficients] 

- A points test with different points for occupations based on ANZSCO Skill levels 
1 - 3. [ANZSCO skill levels] 

- A points test with additional points for medical professions (any occupation with 
an ANZSCO code beginning with 25). [Medical] 

- Migrants’ true occupation (impossible in practice, but this calculation allows us 
to see the impact of occupational downskilling). [Actual occupation] 

The results of these calculations are in Table 4.4. Compared to the current option of 
excluding occupation from the points test, including points for ‘tiered’ categories of 
occupations (pooled regression coefficients) would increase the average income of 
migrants by $4680. The other feasible option (using all nominated occupations) 
increases the performance of the points test over the ‘tiered’ categories approach, but 
by only a small amount relative to the extra administrative burden. 

Table 4.4: Increase in average income of migrant by including occupation 

 Medical 
ANZSCO 
Skill level 

Pooled 
regression 
coefficients 

All 
nominated 
occupations 

Actual 
occupation 

Implied gain per migrant 
(per year) $902 $1713 $4680 $5487 $6449 

 

Outcomes of skilled migrants who work in lower-wage occupations 
To conclude this section, we present analysis of the outcomes of migrants in low-
earning occupations. Based on two key ideas, we argue that the occupation of migrants 
should be used as a mechanism to identify high-earning migrants, but should not be 
used to address labour market shortages in low-earning occupations. First, labour 
market shortages are a fundamentally short-term concept, and so the economic 
benefits of alleviating labour market shortages using migration are probably small 
compared to the long-term costs and benefits of migration for many decades post-
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migration. Second, based upon what we observe in the data, compared to migrants 
nominating higher-paying occupations, migrants who nominate to work in lower-paying 
occupations are much less likely to actually work in those occupations while in 
Australia. Further, when they do not work in that lower-paying occupation, they typically 
move to low-income jobs in other occupations. 

In Figures 4.3 through 4.5, we present new evidence relating to this second point. 
Specifically: 

- Migrants nominating to work in lower paying occupations are much less likely to 
actually work in these occupations after migration than migrants who nominate 
higher paying occupations. 

- Migrants nominating to work in lower paying occupations have a larger wage 
penalty (in absolute terms) when their actual occupation does not match their 
nominated occupation. 

- Migrants nominating to work in lower paying occupations are less likely to work in 
any occupation on the skilled occupation list. 

Occupational match rates by income level 

For each occupation (defined at the six-digit level), we identify: 

- The average ‘standardised income’ amongst those observed working in that six-
digit occupation. 

- The rate at which migrants are observed to work in that occupation (matching at 
the 4-digit level as we did in constructing Figure 4.1). 

We compare these two outcomes across occupations. The results, plotted in Figure 4.3, 
show a clear positive relationship between income and occupational match rates. In 
this chart, every black dot represents an occupation with more than 10 observations, 
while the red dots represent the conditional means based on binned ranges of 
standardised income (weighted based on the number of migrants in each occupation). 
Where an occupation earns below the average Australian income (below 1 on the x-
axis), the 4-digit matching rate is around 25% while those earning above average 
Australian income are matched at close to double this rate. 
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Figure 4.3: Migrants who nominate high-income occupations are more likely to 
work in that occupation  

 

Figure 4.3 (along with Figures 4.4 and 4.5 below) are constructed using 424688 
individual tax observations across 720 occupations. There are three reasons that this 
sample size is smaller than the number of observations used in the pooled regression 
reported in Table 3.1.  

- We are unable to link the nominated occupation to all migrant records in PLIDA. 
These individuals are dropped from Figures 4.3-4.5 but included in the pooled 
regression. 

- We calculate Figures 4.3-4.5 using only migrants that receive their first visa after 
2010/11 (the first year of our tax data). We do this to improve external validity and 
to avoid potential confounding between occupation effects and the observed 
pattern that matching rates drift down over time due to occupation mobility.  

- Occupations with small numbers of migrants are withheld to avoid issues of data 
reidentification.  

Wage penalties for occupational mismatch by income level 

The interpretation of Figure 4.3 above depends on outcomes for migrants not finding 
work in the lower paying occupations: a bad outcome if migrants don’t find work in 
Australia, but maybe a good outcome if they switch to a higher paying job in a different 
occupation. 

To test this, Figure 4.4 plots the income penalty (defined as the standardised income of 
those working in their nominated occupation minus the standardised income of those 
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not working in their nominated occupation) for each nominated occupation. Each grey 
dot represents an occupation with more than 10 observations, while the red dots 
represent the conditional means based on binned ranges of standardised income 
(weighted based on the number of migrants in each occupation). 

Figure 4.4: Migrants who nominate high-income occupations have a lower income 
penalty if they do not find work in that occupation  

 

In this chart, a value of -0.5 means a wage penalty of 50 per cent of the average 
Australian earnings. This chart shows that even though migrants in lower earning 
occupations start from a lower income base, they still have a larger penalty for 
occupational mismatch (in absolute terms) than migrants in higher earning 
occupations. In other words, the low matching rates from Figure 4.3 are not driven by 
movement into higher paying jobs. The result is quite the opposite, with migrants with 
lower matching rates more likely to move into lower paying jobs. 

Matching any occupation on the Skilled Occupation List by income level 

Finally, we show that migrants who nominate an occupation with a lower average 
income are less likely to work in any occupation from the skilled occupation list.28 Figure 
4.5 represents each occupation with more than 10 observations with a grey dot, while 
the red dots represent the conditional means based on binned ranges of relative 

 
28 For this chart, the Skilled Occupation List is based on all nominated occupations from skilled 
independent visas observed in PLIDA. As such, it does not capture variation in the skills list over time.  
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income of nominated occupation (weighted based on the number of migrants in each 
nominated occupation category). 

We see a strong positive relationship between the average income of nominated 
occupations and the likelihood these migrants work in any occupation on the skilled 
occupation list. 

Figure 4.5: Migrants who nominate high-income occupations are more likely to 
work in occupations on the skilled occupation list  

 

This positive relationship is partially explained as a direct effect of working in the 
nominated occupation, from the skills list, shown in Figure 4.3 above. In addition, the 
design of the skills list is largely built around skill levels, which means that high-earning 
migrants often have ‘similar’ occupations also on the skills list. 

Should we use skilled migration to alleviate skills shortages in low earning occupations? 

This section has shown that migrants nominating lower earning occupations are less 
likely to work in these occupations once in Australia, have large wage penalties for not 
working in these occupations, and are unlikely to substitute into other occupations on 
the Skilled Occupations List.  

Taken together, these results suggest permanent migration is a highly ineffective tool for 
addressing skills shortages in low-earning occupations. Even in the cases where 
migrants work in these occupations, the short-term benefits of alleviating labour market 
shortages will be much smaller than the foregone long-term economic benefits of high-



 
 

39 

skilled migration. This provides a very strong case against using points-tested migrants 
to target skill shortages. 

Figures 4.3 to 4.5 do not attempt to answer the question of why we observe these 
relationships in the data. For the purposes of designing skilled independent visas, 
showing these outcomes to be poor is sufficient. However, the underlying dynamics are 
potentially of interest to related questions of migration policy, such as whether other 
visas can more effectively target labour market shortages. 

We present two potential explanations for the patterns seen in those figures: 

- First, that lower earning occupations have wages being held below the long-term 
market clearing wage. 

- Second, that lower-earning occupations have less occupation-specific human 
capital tying workers within an occupation. 

To test these competing premises, we conduct an Oaxaca-Blinder analysis in which we 
ask whether the lower matching rates in low-income occupations (defined as having 
standardised income less than 1) can be explained by either occupational wage 
premiums or other migrant characteristics. The regression used in this analysis is: 

𝑀𝑎𝑡𝑐ℎ𝑖𝑡⁡ =⁡𝛽0 +⁡⁡𝛽1𝑋𝑖
𝐸𝑛𝑔𝑙𝑖𝑠ℎ

⁡+ ⁡𝛽2𝑋𝑖
𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 +⁡𝛽3𝑋𝑡

𝑦𝑒𝑎𝑟
+ 𝛽4𝑋𝑖𝑡

𝑎𝑔𝑒
+⁡𝛽5𝑋𝑖

𝑔𝑒𝑛𝑑𝑒𝑟
+ 

𝛽6𝑋𝑖
𝑤𝑎𝑔𝑒𝑝𝑟𝑒𝑚𝑖𝑢𝑚

+ 𝛽7𝑋𝑖
𝑟𝑒𝑚𝑜𝑡𝑒𝑛𝑒𝑠𝑠 ⁡𝛽8𝑋𝑖𝑡

𝑦𝑒𝑎𝑟𝑠_𝑠𝑖𝑛𝑐𝑒_𝑝𝑒𝑟𝑚𝑣𝑖𝑠𝑎⁡
+⁡𝜀𝑖𝑡 ⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(6) 

Where: 

- 𝑀𝑎𝑡𝑐ℎ𝑖𝑡⁡is a binary variable equal to one if an individual is observed working in 
their nominated occupation and zero otherwise. 

- 𝑋𝑖
𝑤𝑎𝑔𝑒𝑝𝑟𝑒𝑚𝑖𝑢𝑚 is the occupation level wage premium estimated at the six-digit 

level from a Mincer regression.29 It is estimated pooled across all time periods. 

- 𝑋𝑖𝑡
𝑦𝑒𝑎𝑟𝑠_𝑠𝑖𝑛𝑐𝑒_𝑝𝑒𝑟𝑚𝑣𝑖𝑠𝑎 is the number of years since an individual’s first observed 

permanent visa. This is included as a quadratic term. 

- 𝑋𝑖
𝑐𝑜𝑢𝑛𝑡𝑟𝑦𝑏𝑖𝑟𝑡ℎ is a set of 20 dummy variables for country of birth, based on the 

2016 census. Born in India is the reference category.⁡ 

All other variables are defined as in Equation (2). 

The results are presented in Table 4.5. These results show that occupational wage 
premiums (variation in pay by occupation that can’t be explained by migrant 
characteristics) explain around half the variation in matching rates, while most of the 
remaining variation cannot be explained by observable migrant characteristics. In other 

 
29 Specifically, we use a Mincer regression that includes actual migrant occupation, which is the same 
regression used in the fourth column in Table 4.4. 
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words, paying lower wages compared to comparable workers in other occupations is an 
important reason that these occupations don’t retain migrants.  

Table 4.5: Oaxaca-Blinder analysis of matching rates of low earning occupations 

Matching rate of high-income groups 0.425 

Matching rate of low-income groups 0.166 

Difference 0.259 

Explained 0.161 

Unexplained 0.098 

Explained by  
Age -0.00019 

Country 0.018752 

Education 0.005941 

English -0.00111 

Gender 0.000193 

Remoteness 0.000545 

Wage premiums 0.125066 

Years since migration 0.012299 
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5. Observed income in Australia in the points test 
Another potential extension of the points test is to include points based on observed 
income in Australia. Directly incorporating income into the points test has recently been 
suggested by Coates, Bradshaw and Wiltshire (2024) and is a major component of 
points-tested visa systems operating in NZ and the UK.  

Incorporating observed income into the points test will significantly improve the 
selection of permanent migrants. Depending on how it is implemented, using migrants’ 
observed income may also reduce the need to accurately measure observable 
characteristics captured within observed income. This would make the system simpler 
to administer and more responsive to changing economic conditions. 

Another major advantage of using observed income in the points test is to reduce the 
dichotomy between blue-collar and white-collar workers. The existing points test is 
restricted to migrants with certain higher-skill occupations30 and provides points to 
university education as workers with tertiary education earn more, on average, than 
those without. However, this assertion only holds true on average. Some high-earning 
occupations that don’t require university education would ideally be captured within the 
skilled migration program. A points test based on observed income is a practical 
approach to identifying migrants pursuing these occupations. 

One limitation to including observed income in the points test is its dependence on the 
availability of temporary visas that allow aspiring permanent migrants to work in 
Australia. Reforms that used observed income in the points test would also ideally be 
undertaken alongside changes to the temporary migration program. They would 
therefore represent broader reform than one focused only on points-tested visas. 

Interpreting observed income in a Mincer regression framework 
We have used Mincer regressions to estimate the likely outcomes for migrants after 
receiving a permanent visa. Specifically, points allocated under this approach are based 
on ŷ, the predicted level of income from a Mincer regression. To understand the value of 
using observed income to predict future income, it is useful to decompose the 
unobservable term in Equation (2) into two components: 

⁡⁡⁡⁡⁡⁡⁡⁡ln⁡(𝑌𝑖𝑡⁡) = 𝛽0 +  𝛽1𝑋𝑖𝑡
𝑜𝑐𝑐𝑢𝑝𝑎𝑡𝑖𝑜𝑛

+  𝛽2𝑋𝑖
𝐸𝑛𝑔𝑙𝑖𝑠ℎ

+  …+ (𝜇𝑖 +  𝜀𝑖𝑡)⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(7) 

Where: 

- 𝜇𝑖 is the return to migrant’s time-invariant unobservable characteristics (such as 
intelligence or perseverance). 

 
30 The Skilled Occupation List only includes selected occupations from Skill Levels 1-3 in the ANZSCO 
classification. 
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- 𝜀𝑖𝑡 are individual unobserved time-varying components of income (including the 
impact of having a temporary visa). 

- All other variables are defined as in Equation (2). 

If 𝜀𝑖𝑡 is zero, then knowing a migrant’s income in a particular year would mean we know 
their income in all future years. In contrast, if 𝜀𝑖𝑡 is large relative to 𝜇𝑖, then year-on-year, 
unpredictable income volatility results in gaining only minimal additional information 
about lifetime income from knowing a migrant’s income in a particular year. In sum, 
using observed income will be highly valuable in a points test when income is relatively 
stable over time and of less value if income fluctuates substantially from year to year. 

The other notable feature of Equation (7) is that observed income includes the returns 
to observable characteristics. This means that where 𝜀𝑖𝑡 is small (and annual income is 
relatively stable) observed income may be used to replace these categories in the 
points test. On the other hand, where 𝜀𝑖𝑡 is large, observed income should be seen as a 
complement to observable characteristics in a points test.  

How well does current income predict lifetime income? 

This is a key empirical question in the intergenerational mobility literature and as a 
result, a number of papers attempt to answer this question. The rule of thumb from this 
literature is that income at young ages is not particularly informative of lifetime income, 
but that by the age of 30, annual income is a reasonable proxy for lifetime income.  

This relationship can be seen in Figure 5.1, a chart from Nybom and Stuhler (2016), 
which shows the result of regressing log income from a single year of age on the log of 
lifetime income for the population of Sweden.31 The y-axis is interpreted as an elasticity 
– at the age of 35 where this value is equal to 1, an individual that earns 1 per cent more 
has a 1 per cent high lifetime income. This figure shows that below the age of 25, current 
income is a poor proxy for lifetime income but by the age of 30 current income predicts 
lifetime income well. 

 
31 Lifetime income studies such as Nybom and Stuhler (2016) can only be conducted in countries with 
sufficiently long panel datasets. Freestone (2018) finds that wage shocks are highly persistent and that 
wage inequality in Australia is driven by permanent differences between workers rather than temporary 
fluctuations in wages.  This suggests that in Australia, 𝜇𝑖  is large relative to 𝜀𝑖𝑡. 
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Figure 5.1: Relationship between income at age t and lifetime income from Nybom 
and Stuhler (2016) 

 

When designing the points test, Figure 5.1 suggests income of migrants in their early 
20s is unlikely to be a good proxy of lifetime earnings, but will be a good proxy by the 
time a migrant is in their late twenties. Interpreted in the opposite way, current income 
will work better as a proxy for lifetime income if points test categories for observed 
income are set at relatively high income levels (which become more relevant at older 
ages). 

Migration may delay the relationship between current and lifetime income (the 
relationship in Figure 5.1 would be shifted to the right). This would occur if the migration 
process drew time and resources away from career progression, or if highly educated 
migrants took longer to apply their skills in the Australian labour market.  Testing this 
would be possible using the PLIDA dataset but is beyond the scope of this paper. 

Options for including income in a points test 
We explore three options for including income in a points-tested visa.  

- Adding observed income alongside existing points categories. 
- Having a requirement to earn at or above a value based upon the occupation 

median wage (as implemented in the UK points test). 
- Having separate points-tested streams for observed income and for human 

capital (as implemented in the NZ points test). 

A hybrid system that adds points for wage to the existing points categories 

One approach is to add points for observed income to the current point test design. The 
Mincer regression approach we use equates a point to a percentage wage premium. 
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This can be extended to include observed income. For instance, we could include 
points for observed income such as those in Table 5.1. 

Table 5.1: Possible weighting of points for observed income 

  Category Points 

Observed income Less than $80,000 0 

 $80,000 - $100,000 20 

 $100,000 - $125,000 40 

 Above $125,000 60 

Age 18-25 110 

 25-30 110 

  30-35 90 

  35-40 50 

  40-45 0 

English language Superior 20 

  Proficient 10 

  Competent 0 

Education PhD 35 

  Master’s degree 15 

 Undergraduate degree 15 

  Diploma/VET 0 

  High school or lower 0 

 

Using such an approach, the returns to human capital are effectively being captured 
twice as observed income includes this return. Therefore, this approach weights the 
returns to observable characteristics twice as much as the returns to unobservable 
characteristics. This relative importance could be scaled up or down by increasing or 
decreasing the relative points for income in Table 5.1 relative to points for human 
capital. However, using a higher weight for observable characteristics is appropriate 
based on Figure 5.1. As the points for returns to income are now being captured twice, 
Table 5.1 also doubles all the points for age thresholds relative to other results in this 
paper. No points are awarded for experience in Australia as this is replaced by the 
earned income category. 

A requirement to earn at or above the income level for your chosen occupation 

A second option that includes income in a points-tested system is a requirement that 
any work experience claimed within an occupation must be paid at a similar rate to 
existing workers in that occupation.  For instance, the UK “Skilled Worker Route” 
provides points in accordance with Table 5.2 below. 
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Table 5.2: Points provided for the UK “Skilled Worker Route” 

Characteristic Points 

Salary of £20,480 to £23,039 or at least 80% of the going rate for the 
profession (whichever is higher) 

0 

Salary of £23,040 to £25,599 or at least 90% of the going rate for the 
profession (whichever is higher) 

10 

Salary of £25,600 or above or at least the going rate for the profession 
(whichever is higher) 

20 

 

The impact of this option would depend heavily on whether occupation-based rules 
were also included in the points test. If these points were provided in the presence of 
binding occupation caps, these rules would act as a tie-breaker within an occupation. 
For instance, if two accountants were compared under a binding occupation-ceiling 
and one was earning significantly more than the other, selecting the migrant with the 
higher income instead of using the current tie-breaker rules (based on date of 
application) makes sense. Without a binding cap on occupations and with points 
provided to occupations based on the earnings premiums in those occupations (as 
discussed in Section 4), this rule would ensure selected migrants are earning those 
premiums.32 

The requirements to publish benchmark wages for each profession, along with the 
development of an associated compliance framework are significant drawbacks to this 
approach. 

Having separate points-tested streams for observed income and for human capital 

The third approach would involve splitting the points test into two groups in a manner 
similar to the NZ points-tested visa. Under this approach: 

- For those working in Australia, a points test can be designed using only income 
and age. This trade-off can be based directly from the FIONA model output in 
Figure 3.1 of this paper. 

- For those not currently working in Australia, the points test would operate like 
Option 1 in Section 8 of this paper – similar to the existing system, but with a 
calibrated and simplified set of points.  

 
32 Allocating points for average occupational wage premiums, along with points for earning a wage equal 
to the average in that occupation is equivalent to providing points directly for earnings. On the other hand, 
if points are allocated based on average outcomes in an occupation, it is possible that new applicants 
who are paid less than the existing cohort would be drawn to an occupation.  
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Such an approach would make sense where there is relatively little variation in income 
from year to year (𝜀𝑖𝑡 is small). This is our preferred points test design and is described in 
detail in Section 8. 
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6. Secondary migrant characteristics in the points test 
Another key policy question asks the extent to which secondary migrant characteristics 
should be included in the points test. The current Australian points test assigns: 

- 10 points for a partner who completes a skills assessment to work in an 
occupation on the skills list and succeeds at an assessment of English-language 
competence. 

- 5 points for a partner who succeeds at an assessment of English-language 
competence. 

- 10 points for having no partner, or a partner who is an Australian citizen or has 
English-language competence. 

The intuition for providing partner points is straightforward. It provides more information 
about potential applicants and allows the migration system to make a better 
assessment of the likely outcomes of applicants.  Society may also have a preference 
for working secondary migrants (beyond the impact on average economic outcomes) if 
non-working secondary migrants are at risk of social isolation in Australia. 

However, acquiring this information is costly for both the Australian Government and 
the applicants. Therefore, capturing secondary migrant information is only worthwhile if 
the benefits (a more targeted migration system) exceed the costs (measurement and 
administration costs).  

We show the benefits are likely to be small compared to other options for improving the 
points test. 

Assortative matching amongst points-tested migrants 
The positive correlation of incomes (and other observable characteristics such as 
education) between partners is known as assortative matching. Assortative matching 
reduces the importance of including secondary migrant information in the points test. 
Where assortative matching is strong, information on the primary applicant already 
captures significant information about the secondary applicant.  

We find strong evidence of assortative matching in the cohort of skilled independent 
migrants. Figure 6.1 compares the standardised income of primary migrants (with 
partners) with the average standardised income of their partners. The dots in Figure 6.1 
represent the conditional mean of the income of the secondary migrant based on 
binned ranges of standardised income of the primary migrant (constructed so that each 
dot represents the same number of migrants). This shows a clear positive relationship – 
Higher earning primary migrants also tend to have high earning partners. 
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Figure 6.1 Relationship between the average incomes of primary and secondary 
migrants 

 

We are also interested in the correlation between the returns to observable migrant 
characteristics as points-tested migration is based on observable characteristics.  To 
answer this question, we estimate separate Mincer regressions for the primary and 
secondary applicants. We calculate the predicted income (ŷ)33 and residual (𝜀̂). We then 
calculate the correlation between these components across migrants. This calculation 
shows a stronger correlation between the predicted incomes (the returns to observable 
characteristics) than that between the unexplained, residual terms.  

Table 6.1 Correlation of income and observable characteristics between primary 
and secondary migrants 

 Correlation 
Correlation between ŷ 0.38 
Correlation between 𝜀̂ 0.19 

 

Potential for improved selection using secondary migrant information 
Given the high degree of correlation in observable characteristics between primary and 
secondary applicants, using secondary migrant characteristics in the points test would 

 
33 For this calculation, we calculate the correlation between ŷ from two regressions—one for primary 
applicants and one for secondary applicants with the gender term excluded in both cases. 
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provide only minimal gains. To show this, we use the tool developed in Appendix A to 
compare predictive power of a points test based on a Mincer regression using: 

- Only primary migrant information (age, education and English language) [Model 
1] 

- Primary points test information, secondary migrant age and education levels 
[Model 2] 

- Primary points test information, secondary migrant age and English language 
skills [Model 3] 

- Primary points test information, secondary migrant age, education and English 
language skills [Model 4] 

- Primary points test information, secondary migrant age, education, English 
language skills and nominated occupation [Model 5] 

In each case, we estimate a Mincer regression based on average migrant income and 
estimate the model using all primary migrant applications (including those without a 
secondary applicant). For instance, the first model is of the form: 

ln⁡(𝑌𝑖𝑡⁡) = ⁡𝛽0 +⁡𝛽1𝑋𝑖
𝐸𝑛𝑔𝑙𝑖𝑠ℎ

+ 𝛽2𝑋𝑖
𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 + 𝛽3𝑋𝑡

𝑦𝑒𝑎𝑟
+ 𝛽4𝑋𝑖𝑡

𝑎𝑔𝑒
+⁡𝛽5𝑋𝑖

𝑔𝑒𝑛𝑑𝑒𝑟
+ 𝛽5𝑋𝑖

𝑠𝑒𝑐𝑜𝑛𝑑𝑎𝑟𝑦_𝑒𝑑𝑢𝑐
⁡+ ⁡𝜀𝑖𝑡⁡⁡⁡⁡( 7 ) 

Selected coefficients from these models are presented in Table 6.2.34 These show that 
secondary migrant characteristics have a similar profile to the returns to primary 
migrant characteristics. They also show that a Mincer designed points test would 
allocate 25 points to migrants without a partner (discussed further below). 

Table 6.2: Estimate coefficients from joint household regressions using secondary 
migrant characteristics 

  Model 1 Model 2 Model 3 Model 4 Model 5 
  Primary Primary Secondary Primary Secondary Primary Secondary Primary Secondary 

PhD 0.408 0.373 0.351 0.397   0.374 0.323 0.372 0.214 
Masters 0.108 0.089 0.184 0.104   0.09 0.163 0.089 0.083 
Bachelor 
degree 0.177 0.166 0.13 0.178   0.166 0.114 0.166 0.043 
English 
Very well -0.153 -0.164   -0.168 -0.02 -0.167 0.039 -0.165 0.046 
English 
Well -0.33 -0.341   -0.332 -0.17 -0.333 -0.044 -0.334 0.019 
English not 
well -0.55 -0.572   -0.554 -0.26 -0.559 -0.164 -0.562 -0.063 
Primary 
only35     0.269   0.247   0.274   0.250 

All estimates are statistically significant at the 5 per cent level.  

 
34 Complete model results are available from the authors upon request. 
35 Migrants without secondary applicants are included in these regressions with education and language 
coded as “No Partner”. If points were allocated to secondary migrants using this process, the “No 
Partner” coefficient is the number of points that should be given to applicants without a partner.  



 
 

50 

The potential economic benefits from these designs are shown in Table 6.3. They show 
that adding secondary migrant information to the points test improves the performance 
of the points test by only a modest amount. Using a hypothetical scenario in which the 
points test exclusively picks from the top 50% of the points distribution, using all 
secondary information would only increase average outcomes of migrants by $1530 per 
year or around 2 per cent of average migrant income. Scenarios that only use English 
language and/or education have a smaller impact.  

Table 6.3: Impact of using secondary migrant information in the points test 

 

No 
Secondary 
information 

Secondary 
migrant 
Education 

Secondary 
migrant 
English 

Secondary 
Education 
and English 

Education, 
English and 
Occupation 

Average income of Top 
50% $106,249 $106,687 $106,589 $106,735 $107,779 
Implied gain per migrant 0 437 339 486 1530 

 

These potential gains are small compared to other options considered in this paper and 
must also be weighed against the costs of measuring secondary migrant 
characteristics. Based on this, we recommend that secondary migrant information only 
be included in the points test if the outcomes of this group are a direct policy goal 
(beyond their impact on average migrant outcomes). 

Should points-tested visas encourage or discourage single applicants? 

Table 6.3 shows that migrants without secondary applicants earn around 25 per cent 
more than the average earnings of migrant couples. This occurs because primary 
migrants outperform secondary migrants and targeting single applicants results in a 
larger share of primary applicants in the program. 

Increasing the number of primary migrants without secondary applicants could be 
achieved by providing more points for single applicants, or by increasing the relative 
points awarded to younger applicants (as we suggest). While this would improve the 
economic outcomes of the migration program: 

- The economic benefits are likely modest. The calculations in Table 6.3 include 
the effect of targeting more single migrants and the effect of higher earning 
secondary migrants.  

- Targeting single migrants will have broad non-economic impacts likely larger 
than the economic impacts estimated here. For instance, single migrants may 
find non-migrant partners and therefore have a different probability of speaking 
English at home. They may also engage with the Australian community differently 
than migrant families. These overall net effects may be positive or negative but 
outside the scope of this paper. 
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- Targeting single migrants may produce odd incentives.  A visa system that 
prioritises single applicants may result in applicants separating from their 
partners or lying about their marital status on the application, applying as a 
single applicant and then sponsoring their (former) partner for a visa at a later 
date.  
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7. Points-tested visas and two-stage migration 
The majority of Australian permanent migrants hold some form of temporary visa before 
applying for a permanent visa.  The process of using temporary migration as a pathway 
to permanent migration is known as ‘two-stage migration’ and is a common feature of 
migration systems in many countries.  The current points test encourages a two-stage 
migration process by allocating points only available to migrants in Australia on a 
temporary visa. The various temporary visa pathways through which migrants pass on 
the way to permanent residency is explored in Centre for Population (2023). 

The Mincer regression analysis in the preceding chapters is designed to select migrants 
with the best expected outcomes from a given pool of applicants. However, it treats the 
group of applicants as exogenously given. Mincer regressions can still be used to 
understand migration in a two-stage setting but three additional factors need to be 
considered: 

- First, we gain information about migrants when they are on a temporary visa. 
Therefore, the proportion of migrants accepted from offshore and the length of 
time migrants are required to spend on a temporary visa before transitioning to a 
permanent visa become policy choices.  

- Second, points-tested visas can impact the behaviour of temporary migrants. 
These incentives could have positive or negative impacts. However, given that 
long-term economic success of migrants is the main goal of skilled migration 
and that migrants will generally be trying to achieve this outcome, we should be 
cautious about policies that target short-term outcomes if they come at the 
potential expense of longer-term outcomes.  

- Third, migrants that embark on the first step of a two-stage migration process do 
so with uncertainty regarding the ability to receive a permanent visa. This 
uncertainty reduces the benefits from migration (for both migrants and non-
migrants) and should be minimised. 

The following section of the paper discusses the trade-offs involved with these 
dynamics. 

Trade-offs relating to the time migrants spend on a temporary visa 
A migrant spending time on a temporary visa prior to applying for a permanent visa 
provides two pieces of information that can improve the permanent migration selection 
process. First, information about the migrant’s outcomes while on the temporary visa 
can be included in the points test. Second, migrants working in Australia on a temporary 
visa are not eligible for many government services. Along with generating a short-term 
fiscal benefit, this will also create a potential filtering benefit if migrants who are likely to 
be high-income in the long term are more likely to accept a short period without access 
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to government services. In both cases, the information gained is likely to come in the 
initial years working in Australia.   

The cost of this process is that some migrants may choose not to move to Australia 
(which decreases the average outcomes of selected applicants). Further, having 
migrants spend significant amounts of time without access to government services may 
violate community norms.   

Based on these trade-offs, the significant value in a temporary migration pathway to a 
permanent visa is unlikely to extend beyond 1-2 years in the Australian labour market. 
This suggests the points test should exclude categories that reward long periods on a 
temporary visa. 

The impact of points-tested visas on the actions of temporary 
migrants 
Another important consideration when designing points-tested visas in a two-stage 
migration framework is that the points test will impact the behaviour of migrants on a 
temporary visa. For instance, the visa system may affect migrants’ work and study 
choices. It may also impact life decisions such as the decision to marry or start a family. 

These changes have both long and short-term effects. For instance, the decision to 
study at an Australian university has benefits for the Australian university sector, but 
also has long-term consequences for labour market outcomes in Australia. To think 
through this trade-off, we consider a simple framework in which temporary migrants 
make decisions about work and study: 

- These decisions have financial impacts on Australians (such as Australian 
education providers). 

- These decisions provide information for the visa system. 
- These decisions may have other external benefits that are not captured by the 

migrants.     

In the absence of incentives provided by the visa system, migrants will decide to take a 
temporary visa when it maximises their own personal welfare. This is broadly aligned 
with the goals of the skilled migration program discussed in Section 2 of this paper. 
However, the spill-over impacts listed above mean that changing migrants’ behaviour 
through the points test may be preferred where these terms are large and the impact on 
lifetime earnings is small. For instance, all things equal: 

- A potential migrant studying at an Australian university rather than an 
international university will benefit the Australian university sector. 

- Encouraging potential migrants to progress through English language courses 
has private benefits for the migrant, along with broader social benefits. 



 
 

54 

- Encouraging a potential migrant into a year of full-time employment rather than a 
gap-year provides important information about their employment prospects in 
Australia.  

However, these incentives can have negative long-term impacts where they strongly 
influence a temporary migrants’ long-term decisions. For instance: 

- If migrants are encouraged to gain human capital in an occupation that is not 
their preferred occupation, they may switch occupations after migration which 
will significantly reduce their long-term labour market outcomes. 

- Placing strong restrictions on the behaviour of temporary migrants will reduce 
the attractiveness of the program, leaving the permanent migration program with 
a smaller, and potentially lower quality, pool of migrants to draw on.  

Limited empirical evidence considers the extent to which Australian migration policy 
changes migrants’ behaviour (this is a valuable area for future research that can be 
addressed using the PLIDA data). However, the existing points test includes various 
potentially problematic incentives that target short-term goals at the expense of long-
term outcomes. For instance, the points test: 

- Encourages migrants to study in regional areas. 
- Encourages migrants to change occupations based on the perceived likelihood 

of getting a visa through that occupation (rather than the likelihood of 
employment in that occupation).  

- Encourages migrants to engage in professional year programs. 

In contrast, our preferred visa design in Section 8 provides a clear signal to potential 
migrants that finding a high-paying job in Australia is the best path to permanent 
migration.  Migrants may choose to study in regional areas, change occupations or do 
professional year programs if these improve their economic prospects. There is no need 
to hardwire them into visa design. Providing more certainty for migrants improves well-
being as we discuss next. 

The welfare impact of migration uncertainty 
A final consideration when applying the Mincer regression framework to two-stage 
migration is that most two-stage visa designs create uncertainty for aspiring migrants. 
This occurs as migrants must make the temporary migration decision without knowing 
with certainty whether they will receive a permanent visa. This uncertainty will have a 
negative welfare impact on migrants and will reduce the pool of applicants from which 
the Australian migration program draws (and likely lower the average quality of selected 
migrants).   

The design of a points test can impact this uncertainty. For instance: 
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- Points-tested visas that provide a guaranteed visa to temporary migrants above 
an income threshold provide more certainty than points tests based on relative 
scores amongst applicants.  

- Permanent migration systems that attempt to respond to short-term labour 
market conditions create uncertainty for migrants.  Market conditions can 
change rapidly and government occupation lists often change at a different rate.  
These uncertain and unsynchronised changes are difficult for migrants working 
on a temporary visa and making decisions about which jobs to pursue. 

In both cases, reducing this uncertainty introduces trade-offs. While research is needed 
to understand the impact of this uncertainty on migrants’ behaviour, strong evidence 
suggests the design of permanent points-tested visas should not be changed often and 
should not attempt to respond to quickly changing labour market conditions. 
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8. Options for reform 
Drawing together the analysis of this paper, this final section of the paper presents three 
options to reform the points test. Each option presents an improvement over the 
existing points test. While we present Option 3 as preferred, the other two entail smaller 
changes from the existing system and may be more achievable in the short term.  

Option 1: Calibrate and simplify the existing system. 
This option reduces the number of points categories and updates the points weightings 
to better reflect migrant characteristics that predict economic success. Specifically, 
this approach would be based on age, English language, education and experience and 
uses the points weightings provided in Table 8.1. 

Table 8.1: Recommended points weightings under reform option 1  

  Category Points 

Age 18-25 55 

 25-30 55 

  30-35 45 

  35-40 25 

  40-45 0 

English language Superior 20 

  Proficient 10 

  Competent 0 

Education PhD 35 

  Master’s degree 15 

 Undergraduate degree 15 

  Diploma/VET 0 

  High school or lower 0 

Experience in Australia in nominated 
occupation Over 1 year 15 

 

This option would maintain the other structures that exist around points-tested visas. 
Migrants would still need to show they are appropriately qualified to work in an 
occupation with a skill level of 3 or higher.36 Occupation ceilings would also be 
maintained. 

The main benefit of such an approach is to simplify the points test system, reducing the 
cost of administering the visa and simplifying application processes for migrants.   

 
36 Skilled Occupation Lists require migrants to work in a high-skilled occupation. The benchmark test 
could be implemented with the existing list or with a requirement for any high-skilled occupation.  



 
 

57 

As noted earlier, a points test based on these characteristics has relatively modest 
power to predict migrant outcomes. It can be interpreted as a simple way to select 
migrants that will typically fall in the top half of the income distribution.  However, it 
does not identify the highest earners. Consequently, age is a dominant component of 
this test. Intuitively, many 40-year-old migrants would earn enough to overcome the 
age-income trade-off we use. However, a simple Mincer regression is unable to identify 
these high-income earners and will instead select younger migrants. 

Option 2: Incorporating occupation in the points test 
This option is similar to the first, but includes points based on a migrant’s nominated 
occupation. Nominated occupation provides a significant amount of information about 
the expected economic outcomes of migrants. It receives no points under the existing 
points test. 

In Section 4 of this paper, we considered the different ways that occupation could be 
incorporated into the points test. Based on our analysis, we favour a tiered occupation 
system37 in which: 

- Applicants in occupations with an earnings premium greater than 30% from 
Equation (5) receive 40 points. 

- Applicants in occupations with an earnings premium between 10% and 30% 
from Equation (5) receive 20 points. 

- Applicants in occupations with an earnings premium between -10% and 10% 
from Equation (5) receive 0 points. 

Other points allocations remain as in Table 8.1 above, with the exception that fewer 
points are allocated for education.38 

Such a system would significantly improve the ability of the migration program to select 
high earning migrants. The calculation in Section 4 of this paper suggests this could 
increase the average income of primary migrants by $4680 per year (see Table 4.4). The 
other major advantage to this approach is simplicity in the transition—other features of 
the existing points test and process can remain unchanged. 

The major downside of this approach is the additional stress it places on the process of 
classifying and accrediting migrants in different occupations. This option may also 
potentially create a form of adverse selection in which migrants are encouraged to 

 
37 Such a system would replace the existing process of ‘prioritising applicants’ for certain occupations 
under Ministerial Directives. 
38 As discussed in Section 5, in a Mincer regression without occupation (such as used to calculate the 
values in Table 8.1), there is a higher return to education as this is capturing some of the occupational 
effects. When occupation is added to the regression, the returns to education fall.  
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become accredited in occupations with higher numbers of points but perform poorly as 
a result. 

Option 3: Prioritising earned income in Australia in the points test 
Our preferred reform option would rely heavily on observed income of migrants in 
Australia. Such a system provides two separate ways (two-pathway approach) of 
achieving points.39 

- An Australian labour market pathway 
- A human capital pathway (that includes both onshore and offshore applicants) 

Under the labour market pathway, points would be awarded based directly on the age-
income trade-off from the FIONA model (Figure 3.2). This would give the points 
weightings in Table 8.2. Alternatively, Australian taxable income from the past two years 
of tax returns would determine “observed income”. 

Table 8.2: Points weighting for a points test based on income and age 

  Category Points 

Age 18-25 55 

 25-30 55 

  30-35 46 

  35-40 26 

  40-45 0 

Observed income in Australia Less than $80,000 0 

 $80,000 - $100,000 20 

 $100,000 - $125,000 40 

 Above $125,000 60 

 Above $150,000 80 

 Above $200,000 100 

 

The human capital pathway would resemble the existing system, recalibrated using the 
points in ‘Option 1’. This stream would be more selective than the existing system 
(targeting only the migrants with the strongest observable characteristics) on the basis 
that all would be eligible to use the earned income stream.  

We prefer this approach compared to a points test that includes income alongside 
other observable characteristics for three reasons. First, the existing points test is 
strongly driven by occupation ceilings and Ministerial Directives relating to occupation. 
Including points for observed income alongside these structures is unlikely to 

 
39 This two-tier system is similar in design to the NZ points-tested visa and can be calibrated using the 
calculations in this paper.  
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significantly improve outcomes. Second, under the two-pathway approach we do not 
need to observe many migrant characteristics (such as English language, occupation 
etc.) which significantly reduces compliance costs for both migrants and the Australian 
Government. Third, calibrating a combined test is more challenging (and more open to 
unintended consequences) than the two-pathway approach. 

Several additional design features need be considered under such a test: 

- How many years does a migrant need to earn income for it to count in the test? 
We suggest two years.  

- Should we assign additional points for working in high-skilled occupations?   
The NZ approach provides additional points when migrants work in high-skilled 
occupations.40  We think this is a good feature that could be adopted in Australia. 

- Whether the share of migrants in the labour market and human capital pathways 
would be fixed or allowed to vary based on the strength of applicants in each 
category.  
We suggest this should vary across years. 

- Should temporary migrants who earn above a certain income be guaranteed a 
permanent visa?   
We suggest this should be a feature of the system. 

Such a system would have various desirable features. It would generate the highest 
economic outcomes of any points test design. It would clearly define the pathway from 
temporary to permanent visa, providing certainty for potential migrants. Finally, it would 
reduce administrative costs.  

The main downside of this option is it represents a significant change to the existing 
migration system and would perhaps be harder to implement than Options 1 and 2.  

This option would need to be carefully designed to complement temporary visa 
pathways as it would only work in tandem with temporary visas on which migrants can 
demonstrate their labour market outcomes. The existing Graduate Visa provides such a 
pathway for Australian university graduates. However, it is unclear whether other 
temporary visa pathways (such as Employer Sponsored visas) could be integrated, and 
whether this option would also require a non-sponsored pathway (similar to the Mobility 
Arrangement for Talented Early professionals Scheme (MATES)). 

 
40 This lowers the likelihood that an applicant will work an unsustainable number of hours in a low-wage 
job to qualify for a visa. 
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Appendix A – A tool for estimating the value of an 
improved points test 

The potential economic impact of improving the points test relies on the ability of the 
points test to identify migrants who will succeed in Australia. It also depends on the 
availability of new migrants who do not receive a visa under the current system. For 
instance, if we implement a new points test which is significantly better at identifying 
high earning migrants, but no additional migrants could be drawn into the system (and 
the total number of visas remained unchanged), no gain accrues from improving the 
predictive power of the points test.  

This paper is focused on improving the performance of the points test. To understand 
the likely economic impact of the options it raises, we develop a tool to estimate the 
impact of the first component (the ability of the points test to select high earning 
migrants) and combine this with assumptions about the availability of new migrant 
applicants.  

This calculation sorts the population of migrants into income deciles based on their 
predicted income (𝑦̂) from a regression.  We then calculate the average observed 
income for each decile. A stylised example of this calculation is shown in Figure A.1. 

Figure A.1: Stylised example of migrant sorting tool 

 

In figure A.1, points test 1 outperforms points test 2 as it is better at sorting high-income 
migrants into the higher deciles. 
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In this example, the economic benefit of points test 1 over points test 2 depends on the 
pool of potential migrants. For instance, consider three scenarios:41 

- The pool of potential migrants is ten times that currently admitted in Australia. 
Points test 1 can select migrants from the top 10% of this pool. 

- The pool of potential migrants is two times that currently admitted in Australia. 
Points test 1 can select migrants from the top 50% of this pool.42  

- No new potential migrants exist and we can therefore only select from the 
existing pool. 

In the first case, the economic benefit (measured in terms of average income) is the 
difference in income in the top decile (labelled as area C in Figure A.2) multiplied by 10. 
In the second case, the benefit is the difference in economic income in the top half of 
the income distribution (area B + C – A) multiplied by 2. In the third case, the benefit will 
equal zero as the group of migrants selected is the same for both points tests. 

Figure A.2: Stylised example of migrant sorting tool 

 

We assume that we can select all migrants from the top 50% of those who migrate to 
Australia under the existing system. The assumption that there exists a pool of potential 
migrants willing to migrate to Australia is consistent with the response of applicants to 
Ministerial Directive No. 100, which prioritised the processing of healthcare visas.43 The 

 
41 In each case, there is an implicit assumption that these tests are equally good at identifying high-
earning migrants from the selected and unselected cohorts.  
42 Or we could reduce the number of visas by half and select the highest earning migrants from within the 
current cohort.  
43 Department of Home Affairs, Ministerial Direction No. 100 – Priority Processing for Certain Skilled Visas, 
http://immi-to-australia.com/pdf/20230407/Ministerial_Direction_100.pdf  

http://immi-to-australia.com/pdf/20230407/Ministerial_Direction_100.pdf
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choice of 50% is likely an underestimate of the potential pool of migrants from which 
Australia can draw. In other words, Australia almost certainly has a very large pool of 
high-quality migrants from which it can draw. 
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Appendix B. Additional regression results 
This paper uses a Mincer regression as described in Equation (2) in Section 3 of the 
main paper. In this Appendix we provide a number of sensitivity tests to show that the 
implied points test design is not sensitive to model specification. 

Sensitivity to outcome variable, functional form and interactions with 
gender 

First, we test the impact of different model specifications: 

- Model 1: Equation (2) 
- Model 2: Changing the outcome variable to ln(wages) instead of ln(income) 
- Model 3: Changing the outcome variable to ln(income +1) which allows inclusion 

of zero incomes 
- Model 4: A logit model estimated on whether a migrant has income above 

AUD20,000 (results are presented as marginal effects) 
- Model 5: Allowing the impact of education and English skills to vary by gender 

The estimated coefficients for education and English language are presented in table 
B.1. These show the estimated coefficients are similar across models.  

Table B.1: Sensitivity of points test coefficients 

 Model 1 Model 2 Model 3 Model 4 Model 5 
PhD 0.33 0.27 0.31 0.00 0.35 
Masters 0.08 0.12 0.10 0.01 0.06 
Bachelor’s degree 0.16 0.21 0.19 0.02 0.16 
Certificates and diplomas -0.12 -0.10 -0.10 0.00 -0.15 
English – Very well -0.16 -0.18 -0.20 -0.02 -0.07 
English – Well -0.33 -0.39 -0.40 -0.05 -0.19 
English – Not well -0.53 -0.72 -0.68 -0.14 -0.33 

All estimates are statistically significant at the 5 per cent level. 

We also use the test developed in Appendix A to show the average income of migrants is 
very similar across models. Importantly, the model with interaction terms performs no 
better than our benchmark model.  

 Model 1 Model 2 Model 3 Model 5 
Average income of Top 50% $107501 $107142 $107242 $107526 

 

Potential selection effects 

Another important potential question is whether the selection of migrants into the 
skilled independent program will bias our estimates of the return to these 
characteristics. For instance, by making it easier for migrants with Australian education 
to receive a visa, we may reduce the estimated return to these qualifications. 
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To investigate this issue, we compare the returns to education from Varela and Breunig 
(2024) which are estimated across different categories of permanent migrants.44 The 
regressions from that paper show a lower return to education for primary points-tested 
migrants compared to both primary  employer-sponsored migrants and  secondary 
points-tested visas. We interpret this as evidence that the points test process has 
reduced the return to these variables. In this situation, we would prefer to use the 
estimated returns to education in the presence of selection (from the current points-
tested visa). 

 
44 These regressions included additional controls for region, occupation and party size that are not 
included in Equation (2) and so are not directly comparable to the results presented in this paper. 
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Appendix C: Further results related to migrant 
downskilling 

In this Appendix we provide some additional analysis related to migrants who work in an 
occupation with a lower skill level than their nominated occupation (based on the 
ANZSCO framework). 

First, we present the occupations that migrants are observed to work in when they 
‘downskill’, along with the number of observations and the standardised income 
migrants earn in this situation (Table C.1). As this table is based on reported occupation 
in tax data, it will not identify situations in which migrants either don’t report or 
incorrectly report their occupations.45   

Some share of downskilling visible using our approach may be due to difficulties in 
classifying occupations. For example, the second most common occupation in Table 
C.1 is “Program or Project Administrator” (skill level 2 occupation). Many occupations 
on this list also exhibit significant variation in earnings . Notably, in contrast to the often 
cited anecdotal example of skills downgrading, taxi driver only appears at number 72 on 
this list (the table only presents the largest 20 occupations). 

Table C.1: Top 20 occupations of migrants working at a lower skill level than their 
nominated occupation 

6-digit observed occupation Observations 
Standardised 
income 

Accounts Clerk 11886 0.84 
Program or Project Administrator 7902 1.27 
Bank Worker 6808 1.18 
General Clerk 5736 0.72 
Customer Service Manager 5194 0.90 
Sales Assistant (General) 5099 0.66 
Storeperson 4921 0.77 
Office Manager 4254 0.80 
ICT Customer Support Officer 3992 1.01 
Aged or Disabled Carer 3956 0.73 
Security Officer 3590 0.84 
Retail Manager (General) 3381 0.89 
Sales Representatives nec 3349 1.05 
Bus Driver 2793 1.06 
Electronic Equipment Trades Worker 2636 1.27 
Truck Driver (General) 2539 1.05 
Checkout Operator 2527 0.65 
Commercial Cleaner 2366 0.65 

 
45 Hathorne and Breunig (2022) show that occupation in the tax data corresponds fairly well to other data 
sources but often fails to capture changes in occupation as there is no tax-related reason for people to 
update their occupation on their tax return. 
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Child Care Worker 2337 0.57 
Machine Operators n.e.c. 1759 0.90 

Observations are based on the number of years, which means that a single migrant can appear up to 11 
times in our dataset. 

Next, we present the shares of migrants that downskill by country of birth. Table C.2 
shows significant variation across countries which is broadly consistent with a literature 
that finds skills are more transferable between migrants from some countries than 
others.46 These results are purely descriptive. Further research is required to fully 
understand these dynamics. 

Table C.2: Downskilling rates by country of birth 

Aggregated country of birth 
Share 
downskilling Standardised income 

Number of 
observations 

Indonesia 0.31 1.09 8351 
China 0.27 0.86 92848 
India 0.26 1.25 184850 
Other Asia 0.25 1.12 104876 
Thailand 0.24 0.85 2346 
Vietnam 0.24 1.06 5824 
Not stated 0.23 1.11 3323 
Japan 0.20 0.81 3054 
Philippines 0.19 1.21 26407 
Other Africa 0.18 1.37 22940 
Republic of Korea 0.17 0.74 14029 
Country of birth not observed 0.17 1.15 250097 
South America/Central America/Caribbean 0.16 1.40 14097 
Middle East 0.16 1.34 33719 
Other Oceania 0.15 1.23 3283 
Malaysia 0.15 1.38 22674 
Overseas visitor 0.15 1.07 3683 
Other Europe 0.15 1.40 22335 
South Africa 0.10 1.62 19324 
United Kingdom 0.08 1.48 50023 
North America 0.07 1.60 5041 
Ireland 0.07 1.68 7995 
New Zealand 0.06 1.89 1795 

Country of birth is provided for the largest migrant source countries, with the remaining countries 
aggregated by geographic region. Observations are based on the number of years, which means that a 
single migrant can appear up to 11 times in our dataset. 

Finally, we present the results of a linear probability model estimating the likelihood of 
downskilling based on observable migrant characteristics. 

 
46 For instance, Chiswick and Miller (2012) show that ‘linguistic distance’ between countries is an 
important determinant of skills utilisation after migration. 
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Downskill𝑖𝑡⁡ =⁡𝛽0 +⁡⁡𝛽1𝑋𝑖
𝐸𝑛𝑔𝑙𝑖𝑠ℎ

⁡+ ⁡𝛽2𝑋𝑖
𝑒𝑑𝑢𝑐𝑎𝑡𝑖𝑜𝑛 +⁡𝛽3𝑋𝑡

𝑦𝑒𝑎𝑟
+ 𝛽4𝑋𝑖𝑡

𝑎𝑔𝑒
+⁡𝛽5𝑋𝑖

𝑔𝑒𝑛𝑑𝑒𝑟
+⁡𝜀𝑖𝑡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡⁡(C1 ) 

 Downskill𝑖𝑡⁡is equal to 1 if a migrant works in a lower skill-level occupation and zero 
otherwise. All other variables are defined as in Equation (2) of Section 3 of the main 
paper. Results from this model are presented in Table C.3. Including country of birth in 
this model reduces the estimated impact of language skills but does not significantly 
change the estimated impact of education. 

Table C.3: Results from a Linear Probability Model estimating the likelihood of 
downskilling, with and without country of birth effects 

PhD -0.22 -0.20 
Masters -0.05 -0.05 
Bachelor degree -0.11 -0.10 
English - Very well 0.09 0.02 
English - Well 0.16 0.08 
English - Not well 0.18 0.12 
Female 0.01 0.02 
Country of birth dummies No Yes 
Year dummies Yes Yes 
Age dummies Yes Yes 
N 788334 788334 
R-squared 0.03 0.04 

All estimates are statistically significant at the 5 per cent level. 
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Appendix D: Additional points relating to the goals of 
the Skilled migration program 

This Appendix contains additional technical information on two topics important to the 
design of the skilled migration program.  

- Whether targeting high earning migrants creates “brain drain” (and how this 
should influence the design of skilled migration policy).  

- A selective visa system is more important in countries such as Australia that 
have relatively low-income inequality and a relatively strong social safety net. 

Brain drain 
One potential concern of targeting high-income migrants to Australia is the removal of 
human capital from source countries. A points test designed to select migrants with the 
strongest expected outcomes in Australia may increase this effect. 

However, the impact of brain drain on the source country is complex. While the direct 
effect of losing a high-earning worker is a negative for the source country, migration 
often results in large remittances47 to home countries and higher investment in human 
capital in regions with out-migration (Khanna et al. 2022). The net impact of these 
factors will depend on the exact design of the migration program and the economic 
conditions in the home and source country. A detailed survey of the empirical and 
theoretical literature on this topic is provided by Docquier and Rapoport (2012). 

Khanna et al. (2022) also points out that “most developing-country governments have 
policies facilitating international migrant labor”.  This suggests that out-migration is 
viewed as having positive source country benefits. 48 

Income Inequality, Tax Progressivity and Selective Migration 
In the model of migrant selection developed by Borjas (1987), migrants will be 
‘positively selected’ into countries with less progressive tax systems and high-income 
inequality and ‘negatively selected’ into countries with more progressive tax systems 
and low-income inequality. The intuition is straightforward: migrants with the highest 
labour market prospects will move to countries that have high returns to post-tax 
labour.  This model has empirical backing. Evidence for the effect of income inequality 
on migrant selection is provided by Parey, Ruhose, Waldinger and Netz  (2017) and for 
selection based on tax progressivity by Akcigit, Baslandze and Stantcheva (2016).   

 
47 For example, overseas employment of Filipino nurses contributed to US$6.8 billion in remittances in the 
Philippines in 1999; see Lorenzo et al. (2005). 
48 Another potential answer to this issue is that if skilled migration is designed to achieve economic 
benefits for the Australian population, any source country impact is irrelevant. 
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This dynamic means that selective migration programs are more important to Australia 
than some other countries (such as the United States and UK) with less generous 
welfare systems or larger wage premiums for highly talented workers.  

The relative returns to migrant characteristics in different countries is an important 
consideration when considering visa programs that compete for international migrants. 
It is also an important context when comparing the design of points-tested visas in 
Australia with those that operate in other countries (including the absence of points test 
in the United States).  
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