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Abstract

Introduced in 1989, Australia’s Higher Education Loan Program (HELP) is now a $75 billion program
which continues to evolve over time. This paper presents a new microsimulation model to estimate
HELP debt repayments, built using the rich microdata available through the Person Level Integrated
Data Asset (PLIDA).

First, we provide an overview of the model and our methodology to estimate students’ debts, lifetime
incomes, and repayments. We then use the model to simulate student debt repayments under a
recent policy change: the 2021 Job-Ready Graduate (JRG) package. Compared to pre-existing policies,
we find that JRG increases the median time students take to clear their HELP debt. Under JRG, we
estimate that the range of repayment times between different fields of study is wider than under
previous policies. Although JRG increases the total pool of bachelor debt by 12-13 per cent, more debt
is held by students with lower lifetime incomes who have worse repayment prospects. After
accounting for repayments, we find that the fair value of debt owed to the Government increases by
6-7. Under the parameters used in the model, we estimate that subsidy rates are about 2 per cent
higher under JRG policies.
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Keywords: [Click and enter keywords]
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1. Introduction

In Australia, the cost of studying a university bachelor’s degree is shared by students, who pay a
student contribution, and the Federal Government, who provides a subsidy known as a
Commonwealth contribution. At a bachelor level, most Australian university students do not pay their
student contribution fee upfront. Instead, most students choose to defer the cost of their study
through the Higher Education Loan Program (HELP).

The HELP system is a federal loan program which helps student finance their higher education
studies. Under the HELP system, the federal government provides students with income-contingent,
real-interest free loans. This paper focuses on modelling students” HELP loan repayments. We develop
a dynamic microsimulation model of student lifetime income, which can be used to estimate their
HELP debt repayments under different policy settings and assumptions.

Students who take out HELP loans only begin repaying their debt once their annual income is above a
certain threshold. For most students, compulsory repayments only begin after leaving university. The
current compulsory repayment schedule is progressive, and repayments are calculated as a
proportion of all income.3

Because HELP loans are real-interest free, they provide a subsidy to students. The value of the subsidy
to students (and a cost to government) is the difference between inflation, and the Government’s
borrowing rate and is often called the deferral rate. Further, because loans are income-contingent
and written off at death, not all loans are repaid. Accounting for both these factors — the deferral
subsidy, and debt which is not repaid — gives the ‘fair value’ of HELP loans, which is a better indication
of what it is worth to government. As of 2023, the total pool of outstanding HELP debt was more than
$75 billion, with an estimated fair value of about $50 billion (Department of Education, 2023).The
difference between the ‘face value’ and ‘“fair value’ of debt can be expressed as a percentage, often
called the total subsidy rate, which indicates the fraction of debt government loses by providing HELP
loans.

The HELP system (formerly known as HECS) has evolved considerably since its introduction in 1989.
Successive governments have introduced changes to student contributions, compulsory repayment
thresholds, the repayment schedule, how loans are indexed, and other aspects of the system (Norton,
2022). Further changes to the HELP system were proposed in 2023 by a government commissioned
review, the Universities Accord. The Government has committed to implement several changes to the
HELP system.

Given the size and widespread use of the HELP system, policy changes can have substantial
implications for students and government. Because policy changes affect how much debt different
students accrue, they can affect the total amount of loans, subsidy rates (and therefore government
costs), and repayment outcomes for students. Understanding how changes to the HELP system effect
these outcomes is therefore essential for effective policy development.

3 As opposed to other parts of the tax system, which are determined on a marginal basis. As taxable income
increases so too does the proportion of their income debtors are required to pay. Debtors earning
between $54,435 and $62,85 repay 1 per cent of their income, and those earning above $159,664 repay 10
per cent. The Federal Labour party has proposed to change this repayment schedule, from a fixed
proportion of income to a marginal scheme.
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Policy simulation models are a tool which can play a role to help understand the effects of changes to
policy, as well as to develop reform options. This rest of this paper outlines the methodology and
early results from a new policy simulation model: the Higher Education Loan Payments and Earnings
Model (HELPEM).

HELPEM is a dynamic microsimulation model designed to explore how changes in higher education
policy affect outcomes for bachelor students and governments. It can be used to explore common
questions about policy changes, including how changes to fees or repayment rules are likely to affect
students’ repayment times, how repayments differ across the distribution and by field of study, and
how changes affect the costs to government of providing HELP loans.

The rest of this paper is structured as follows. First, we provide an overview of the key challenges in
modelling HELP repayments and some common modelling approaches used in the literature. Next, we
describe the data and methodology of HELPEM. Finally, using the introduction of the 2021 Job-Ready
Graduate policy changes as an example case, we demonstrate how HELPEM can be used to simulate
the effects of policy changes. We explore how the policy change affected the amount of debt
students hold, expected repayment times, and costs to government of providing HELP loans,
compared to previous policy settings. We then briefly conclude.

2. Modelling HELP debt repayments — challenges and
approaches

A key challenge of simulating HELP debt repayments is the need to estimate repayments over a very
long period and across the entire distribution. Recent research has often relied on microsimulation
models to estimate debt repayments because these models are well suited to estimate outcomes
distributionally and over long period of time. Within this framework, there are two key requirements
to estimate repayments: estimating how much debt students accrue, and how much students earn
throughout their life. The subsections below provide a brief overview of microsimulation modelling,
and approaches to estimating students’ debts and incomes.

Dynamic microsimulation models have become the dominant modelling
framework

Historically, three main types of models have been used to estimate repayments under income
contingent loan programs such as the HELP system. Early work often relied on representative debtor
models and cell-based models, while more current work typically relies on microsimulation
approaches (Higgins 2011).

A representative debtor model includes one or few individuals who are assumed to be
‘representative’ of the broader population. An amount of debt is estimated for each person, and their
income level is projected over their life, often using percentiles from cross-sectional data. In a similar
form, ‘cell-based’” models group similar individuals together into ‘cells’, for example by age and sex.
The models then make estimates of the average debt and incomes for each cell in the model to
estimate repayments.

Although both frameworks are instructive, they are limited because they cannot capture the full
variety of outcomes individuals face. It can also be difficult to capture the dynamic nature of earnings
variation over time when people are modelled in groups, or through ‘representative’ individuals.

March 2026 | 5
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Microsimulation models are computer programs where the unit in the model is a single person (or
other unit such as a business). These models combine the benefits of representative debtor and cell-
based models, by simulating a cohort of individuals who are representative of the broader population
at the person level. Microsimulation models can be used to estimate how different characteristics of
each individual change over their lives, tracing the outcomes of each simulated person over time.
Because these models can capture heterogeneous distributions of outcomes, they have become a key
tool for policymakers and academics and have been used to analyse policies concerning education
loans, retirement incomes, health outcomes and many others (Harding, 2007).

Microsimulation models are often separated into two classes: ‘static’, and ‘dynamic’ models. The
main difference is how individuals are allowed to change and age over time. Static approaches tend to
hold individuals’ characteristics constant and simulate ageing by changing how much weight is placed
on each person. Dynamic models allow each person’s characteristics to change over time depending
on the individual’s history and the likelihood of different outcomes.

Although both approaches have been used to model repayments of income contingent loans, static
approaches have some significant drawbacks. Recent work has mainly focused on dynamic
approaches (for example, see Dearden 2015, Higgins and Sinning 2013).

Estimating university costs

Under current policies, students’ university fees are charged per subject. The cost of each subject
depends on its study load and the field of study. While transparent, this structure can make it
challenging to estimate how much any student’s bachelor’s degree costs. The eventual cost of a
student’s degree depends on the number and mix of subjects they take. Because students often
switch courses, change majors, fail units and study electives outside their home field of study, even
students who are enrolled in the same course can accrue different amounts of debt.

It is not always obvious how the cost of a degree will change when there are changes to policy. For
example, a fixed increase to the cost of humanities subjects, holding all else equal, will increase the
total cost for individuals studying an arts degree. But the size of this increase depends on how many
humanities subjects each person studies, which will vary if the student fails and repeats subjects and
on their particularly pattern of study.

There are two main considerations when modelling students’ debts: realism and flexibility. Estimates
should be realistic, accurately reflecting the size and mix of real students’ debts. But the estimation
process should also be flexible enough to estimate how debts might change under different policy
settings.

To our knowledge, two approaches have been used in past Australian research to estimate student
debts. First, models focused on costings generally use rich administrative tax data of the HELP debt
balances for everyone in the model (Antcliff and O’Neill 2009). This approach is accurate, as students’
actual debts are used, but it is not flexible to test the effects of policy changes without making strict
assumptions.4

Second, models intended to simulate the effects of policy changes have historically been limited by
data availability and have instead made strict assumptions about student study patterns. For example,
Higgins et al. assume that students’ debts and study patterns are homogenous for people who study
the same field (Higgins and Khemka 2024). Similar studies generally exclude students who do not

4 This second point is generally less of a concern for costings, but is more important for a policy simulation
model.
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complete their degrees. While this approach is flexible, it is unlikely to account for the realistic mix of
debts students incur at university.

Estimating student incomes

Because HELP debt repayments are calculated directly from an individual’s income, estimating
incomes over the lifecycle is the core of any repayment model.

A key characteristic of the HELP system is that the compulsory repayment schedule is non-linear. This
makes it important for a model to accurately capture not only the total amount individuals earn over
their life, but also how earnings vary over time. It also means incomes cannot be averaged over years
(or individuals) without introducing error.s

There is a large literature and long history of research dedicated to modelling earnings dynamics and
earnings over the lifecycle (Hu et al 2019). Previous work has often focused on how differences in
incomes between individuals, and over time, arise from temporary changes and permanent income
shocks (Erjnaes and Browning 2014). These changes are often assumed to be independent of one
another, but there is debate as to how these components should be modelled.

Australian literature focused on simulating estimating the earnings of university students has
generally taken one of three approaches to estimating incomes in a microsimulation framework:
econometric models, which are generally the most common approach and often rely on
autoregressive models (i.e. ARMA) or similar approaches; simulations using functions such as copulas;
and stochastic approaches based on empirical data and probability tables, for example using Markov
chains (Britton et al 2019, Dearden 2019, Antcliff and O’Neill, 2009a, Higgins 2011).

All these approaches aim to capture both transient and more permanent income shocks over time, as
well as how these vary across the population. These earnings functions are usually paired with models
of transitions between labour force states over time. A wide variety of methods has also been
explored in international literature and there is no clear consensus on how earnings should be
modelled or projected, with some recent models becoming particularly complex (Altonji et al 2023).
Although econometric methods are broadly favoured by recent work, it is also not clear than any one
method is most appropriate and the ideal method is likely to vary depending on the population under
study and the constraints of the model.

3. Data and methodology

Data

HELPEM is built in the Australian Bureau of Statistics secure Datalab environment with data from the
Person level Integrated Data Asset (PLIDA). We link higher education (Hied, 2005-2021), personal
income tax (PIT, 2002-2022), and 2021 Census microdata records to create two longitudinal datasets.

The first dataset includes linked higher-education records, incomes, and demographic characteristics
of students who were enrolled in a bachelor’s degree and left university between 2005 and 2021. This

5 For example, an individual that earns $100,000 over two years could make no compulsory repayments if
$50,000 is earned in each year, both falling below the lowest repayment threshold. Alternatively, if they
earned $100,000 in one year and none in the other, the individual would repay about $6000 toward their
debt.
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dataset provides rich detail about recent students, including demographic information and the
subjects they studied at university. However, it only contains information on recent university
students. We rely on this dataset to inform assumptions about university study patterns and incomes
in the early years after leaving university.

The second dataset includes individuals who completed the 2021 Census questionnaire and answered
questions about basic demographic information such as sex, age, and education. We restrict the
sample to Australian citizens who self-reported completing a university degree at a bachelor’s level or
higher, and we take their field of study as the self-reported value. This dataset does not contain rich
information about study patterns, because it relies on self-reported Census data instead of higher
education records. We rely on this dataset to inform our assumptions about income trajectories later
in life.

We restrict both datasets to Australian citizens who submitted at least one tax return between 2002
and 2022. We use taxable income as our income measure (inflated to $2025 in line with WPI). Where
taxable income data is missing, we impute this as $0.

For the results presented in this paper, we categorise the field students’ study at university into 13
fields (see appendix for details). Where higher-education records are available, this definition is based
on the course an individual studied; where information is from the Census, we rely on the self-
reported field of study.

Methodology

The model is built from four modules:

1.  Anentry module, which determines the number of students leaving university in each year;
2. A loans module, which provides each simulated individual in the model with a HELP debt;
3. An income module, which is used to estimate each individual income over their lifecycle, and;

4.  The repayments module, which uses the students’ debts, incomes, and a set of policy rules to
estimate their annual HELP debt repayments and remaining HELP balances.

The entry module

The entry module estimates how many bachelor students leave university with a HELP debt each year.
We estimate counts for each combination of year, by sex, field of study, and whether the student
completed their degree. These estimates are used to create the base cohort of simulated individuals
used in a model run.

To estimate counts, we fit simple OLS regressions to historical counts of students who left university
between 2010 and 2021. We estimated trends separately for each combination of field of study, sex
and whether a student completed their degree by running regressions on subsets of the data. These
trends are extrapolated to the base year to give total counts for each subgroup.

A key assumption in the entry model is that students do not change their choice of university course
in response to changes in university fees. Although this is a strong assumption, past research has
found that price sensitivity is very low for students eligible for HELP loans, and very few students
change their study patterns or choice of field even in the face of large changes to fees (Yong et al.
2023, Aungles 2002, Andrews 1997). This research is consistent with student surveys, which find that

March 2026 | 8
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students make decisions about university based on their interest, with little regard to fees under the
HELP system (DEWR 2009, Cherastidtham and Norton 2018, Beavis and Elsworth 1998).

The loans module

After estimating the aggregate number of students in the base year by sex, field of study and
graduation status, we use these counts to generate an individual-level dataset of past students. This
dataset is created by sampling the historical records of bachelor’s student who left university
between 2015 and 2020. We choose recent, pre-pandemic years as our sample so that student study
patterns are more representative of current students. We draw random samples from historical
records to match the counts estimated in the entry module for each subgroup. This cross-sectional
dataset of sampled individuals is the base-file for the model.

We then turn to estimating the amount of HELP debt each student has when they leave university.
Because the base-file of simulated students is sampled from past records of real students, we can use
the study records of each student to estimate their debt. First, we link higher education records to
our base-file, which provides data on every subject each student attempted at university. Next, we
assign each subject a cost according to the subject’s field of study and equivalent full-time load, based
on a set of policy rules. We then sum the cost across all subjects for each student to provide a total
HELP debt. This assumes students make no upfront payments or repayments before leaving
university, and that past study patterns (within a field of study) are broadly representative of current
patterns.6

This approach provides a richer method to simulate student debts under policy changes than previous
literature. It captures the real study patterns of recent students, including any electives they study,
whether they fail and repeat units, or if they choose to switch courses part-way through their degree.
This gives a more realistic estimate of the heterogeneous mix and number of subjects different
students study during a bachelor’s degree. Importantly, it is also flexible and can be used to model
different policy scenarios, where the costs of study differ from current or historical costs.

The income module

At this stage, the base-file is a simulated cross-sectional dataset of ex-students in the year they left
university. The dataset includes demographic information and the estimated HELP debt for each
individual. Next, we simulate their lifetime incomes using a combination of sampling and estimation,
to create a longitudinal dataset.

We rely on empirical distributions and stochastic methods to estimate incomes, described in detail
below. For the first 10 years after leaving university, we generate students’ incomes by sampling
historical records. Beyond the sampling period, we construct two different methods for estimating
incomes, both of which rely on Monte Carlo simulations. The first method uses empirical distributions
of income growth patterns to estimate growth in income over time. The second uses Copula models
to estimate transitions between income ranks over time.

6 A small share of domestic bachelor students make upfront payments toward their degree; further iterations of
the model could account for upfront payments.
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Figure 1: Income module schematic
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Income sampling

To sample incomes, we use the linked dataset of higher-education and personal income tax records
which includes the income history of bachelor’s students who left university between 2005 and 2021.
First, we restrict this data to individuals who left university before 2012, and we truncate the data so
there are 10 years of history for each student.

We then draw a random 10-year income profile from the linked higher-education — tax dataset
described above for each simulated person in the base-file. This random draw is matched to the
simulated individual by their sex, age, field of study, graduation status, and whether they studied a
double degree. This gives each simulated individual the 10-year income history of a past bachelor
student who shares similar characteristics, creating a 10-period panel of simulated students and
incomes.

Income estimation

Beyond the 10-year sampling period, we estimate student incomes through Monte Carlo simulations.
Two methods are available, described in turn below. In general, we prefer the timeseries simulation
approach, because it captures some structural change in female incomes over time and provides
slightly more realistic estimates of income mobility over time. However, both models give very similar
estimates of repayment times and costs to government under most policy scenarios.

For these estimates, the linked higher-education — personal income tax dataset used for sampling is
less useful because it only includes records of students left university more recently and tend to be
younger. Instead, we rely on the linked census — personal income tax dataset to inform our
assumptions, which contains individuals with a bachelor’s degree across all age groups, as well as
their incomes between 2002 and 2022, and self-reported field of study.

Timeseries simulation

The first method used to estimate incomes relies on Monte Carlo simulations to stochastically model
how incomes grow over time. The model has two key components. We first estimate and apply a
simple labour force model to capture large income movements and provide structure to the model.
We then pull random draws from empirical distributions to capture smaller changes to incomes over
time. In many ways, this form is similar to early Markov-chain income modelling approaches, such as
those pioneered by Champernowne (1953), but with an autoregressive component.

March 2026 | 10
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Our simple labour force model has three states: ‘no income’, ‘lower income’, and ‘regular income’.
Individuals have ‘no income’ if they have SO income in a year (imputed or actual); ‘lower income’ if
their income is below $50,000 or has dropped by 50% from the previous year; and ‘regular income’ if
they earn above $50,000 and their income is above 50% of their income in the previous year. To
calculate the likelihood of transitioning between each state, we estimate a probability table from the
linked census — personal income tax dataset. Each of the parameters used to define the earning state
can be modified.

We first assign individuals in the dataset an income state in each year, according to the rules. We then
estimate the probability of moving between each state, by age, sex, field of study, and previous
earning state history. From these probability tables, Monte Carlo simulations are used to determine if
an individual will move between states in each given year. An individual’s income is imputed as S0 if
they are assigned the ‘no income’ state.

Once individuals are assigned an earning state for the latest year (denoted year t + 1), their income is
estimated conditional on this state. To inform our estimates of incomes, we generate a series of
empirical cumulative distribution functions, using income histories in the linked census — personal
income tax dataset.

We estimate two types of ECDF’s: distributions of incomes in (real) dollar amounts in year t + 1,
denoted Fipcome (x); and distributions of the percentage change in income between year tand t + 1,
denoted Fgrowth(x). For each, we estimate an individual ECDF for different ‘cohorts’ individuals,
which we consider as a unique combination of sex, age, field of study, earning state inyear tand t + 1,
and income quintile in the previous year (year t).

To estimate all non-zero incomes in the year t + 1, a random draw is made one of the two types of
distributions, for the appropriate cohort. Whether the ‘income’ or ‘growth’ distribution is used
depends on the earning states in the current and previous year (t). In general, an individual’s income
is estimated using the ﬁgrowth(x) distribution if they remain in the same earning state between
years. We tend to use the income distribution (E,ome (X)) Where there are changes in earning states
between years, particularly where income is increasing off a low, or zero, base (see appendix for a
decision matrix on which distribution is used).

If the income distribution (Fipcome (X)) is used, a dollar is randomly drawn and applied directly as the
individual’s income in the new period (year t + 1). If the growth distribution (Fgmwth(x)) is used, the
percentage change value drawn from the distribution is multiplied by the individuals previous income
inyeart. l.e:

N, where N ~ Fipcome(%), i f income distribution used

I = -
COMBe+1 {Incomet *(1+ N), whereN ~ Fgropen(x), if growth distribution used

This estimation is repeated yearly until there is 45 years of simulated income history for everyone
(including the 10-year sampling period). Once all incomes are estimated, headline (real) wage growth
assumptions are applied to account for structural growth over time.

Rank-based simulation

The rank-based method estimates incomes over the life course by simulating how an individual’s
position on the income distribution (their income rank) changes over time. Following Dearden et al.
(2006), we use copula functions to capture the dependence structure between income ranks over
time.

March 2026 | 11
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This estimation has three steps. First, we use a simple labour force model to estimate the likelihood
that an individual earns ‘significant’ income in a year. We use the linked census — personal income tax
dataset of individuals with a bachelor’s degree to estimate a probability table of the likelihood of
earning above $20,000, by age, sex, field of study, and the previous history of earning above $20,000.
Beyond the sampling period, we run Monte Carlo simulations on these probabilities to determine if an
individual will earn above $20,000 in the year t + 1. We impute the incomes of individuals not earning
above $20,000 as S0, as they would not make repayments toward their HELP debt under most policy
settings. Conditional on earning above $20,000, we then estimate income ranks in year t + 1.

To estimate income rank transitions, we fit copula models for each combination of sex, age, and field
of study. To fit these models, we calculate income ranks from the linked census — personal income tax
dataset for individuals earning above $20,000, for each combination of age, sex, field of study and
year. Consistent with previous literature (for example, Higgins and Khemka 2024), we fit t-copula
models for each adjacent ‘pair’ of income ranks in each subgroup, for example individuals’ income
ranks in yearsnand n + 1.

We then use the fitted models to estimate the income rank transitions of the simulated individuals in
the model. First, we calculate the income rank for each individual compared to their peers, in year t =
10 (the final year of the sampling period). We use the fitted copula models to run Monte Carlo
simulations, which estimate an income rank for each simulated person in year t + 1, based on their
initial income rank in year t and the joint probability distribution of the fitted copula model.

Finally, we must map each person’s income rank to an income figure in dollar terms. To do this, we
calculate cross-sectional income distributions from the linked census — tax dataset of individuals with
a bachelor’s degree, for each combination of age, sex and field of study. We then map each
individual’s income rank to the equivalent position on the cross-sectional distributions to assign a
dollar figure in each year. This process is repeated until each person has 45 years of income history.
Once all incomes have been estimated, we apply headline (real) wage growth assumptions to all
incomes.

The repayments module

After estimating incomes, we have a longitudinal dataset of simulated individuals, their demographics,
initial HELP debts upon leaving university, and 45 years of estimated annual earnings. We then use
this file to estimate the expected HELP repayments iteratively in each year. If an individual has a
remaining HELP balance, we calculated their expected repayments according to policy rules, assuming
students do not make voluntary repayments. This expected repayment is subtracted from the
outstanding balance of HELP debt; the calculation then moves to the next year until there is no HELP
debt remaining, or the 45-year limit is reached. Because the model operates in real terms, indexation
is only applied if the assumed indexation rate of HELP debt differs from CPI.

4. Using HELPEM to examine a recent policy change: The Job-
Ready Graduates package

Using the introduction of the 2021 Job-Ready Graduate policy changes as an example case, the
remainder of this paper demonstrates how HELPEM can be used to simulate the effects of policy
changes. We explore how the policy change affected the amount of debt students hold, expected
repayment times, and costs to government of providing HELP loans, under the recent change and
previous policy settings.
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In 2021, the Job-Ready Graduates (JRG) package changed the amount that government and students
would contribute to the cost of study. Chart 1 shows the change in student fees under the Job-Ready
Graduates package.” Study in some fields became cheaper, while other areas of study increased in
price. Previously, the highest fee rate was twice the amount of the lowest fee rate; under JRG, the
difference between the lowest and highest rate increases to four times.

Chart 1: Changes to student contributions under the JRG package

Area of study

Humanities
Communications |

and media
Law

Commerce
Creative arts 1
Medical
Science
Other health
IT
Engineering
Architecture
Nursing 1
Languages
Education
Maths
Agriculture

-50% 0% 50% 100%
Change in fees (%)

Note: There are different numbers of students in each field. Field of study definitions in this chart differ slightly from those used in HELPEM,
due to the structure of the fee changes.

Model scenarios

To explore the policy change, we simulate two scenarios using the model:

1.  Pre-JRG: A scenario where students pay for all their study under 2020 fee rates (inflated to
2024 dollars)

2. JRG: A scenario where students pay for all their study under current (Job-Ready Graduate) fee
rates

In both scenarios, policies are assumed to be at ‘full effect’, with students undertaking all of their
studies under a single policy and set of fees. To test the differences between the two scenarios
holding ‘all else equal’, we simulate the lifetime incomes of a single cohort of bachelor students who
leave university at the end of 2024. We include students who do not complete their degrees in the
analysis, and it is assume that all eligible students defer the cost of their studies with HELP loans and
do not make voluntary debt repayments. Aside from fees, we assume that other policies follow
current legislation as of December 2024.

In both scenarios, we assume that CPl and WPI forecasts follow internal forecasts until 2030, at which
point they reach rates of 2.5 and 3.7 (nominal) per cent annually and remain stable in the long-term.
We assume that the cost of borrowing is 5 per cent, in line with other models (O’Niell and Antcliff
2009, Higgins, 2023).

7 For this analysis, we only focus on changes to student contributions.
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Effect of JRG on the distribution of student debts

Under the JRG scenario, average graduate debts are 12-13 per cent higher in real terms than in the
Pre-JRG scenario. However, there are more significant changes across the distribution.

Many more graduates would attract much lower or higher debts under JRG rates (Chart 2). More than
twice as many graduates would leave university with debts under $20,000 under JRG fees, and the
share who leave university with debts of $50,000 would increase by 70 per cent. About 30 per cent
fewer students would graduate with debts towards the centre of the distribution (between $20,000 -
50,000), compared to under pre-JRG settings. These trends remain if debts are standardised per full-
time year of study.

Chart 2: Distribution of bachelor debts under JRG and pre-JRG fee scenarios

Proportion of students

Did not complete degree

Completed degree

2.5% Pre-JRG

2.0%

1.5%
Job ready graduates

1.0%

0.5%

0.0%

$80k $100k $0k $20k $40k $60k $80k $100k
Debt accrued ($1000 bins)

$0k $20k $40k 360k

Note: The distribution of debts included in this chart differs slightly from the distribution used in the final model run for which results are
included, as it is based on earlier research conducted before changes to indexation where legislated.

Under Job Ready Graduates, student fees changed according to the field of each unit of study.
Compared to pre-JRG fee rates, the difference in cost between the cheapest and most expensive units
increased from about two-fold to four-fold. JRG also changed which units were more and less
expensive relative to one another. Changes to the distribution of debts not only reflect a ‘widening’ of
the distribution, but also a ‘rearrangement’ (Chart 3).

Some fields such as Engineering and Nursing became notably cheaper, while others such as
Commerce, Law and Humanities became more expensive. Under pre-JRG fee rates, the majority (65
per cent) of simulated humanities graduates have debts below $35,000; under JRG fees, a similar
share (62 per cent) have debts over $50,000.8

Under the JRG scenario, law graduates have the highest levels of debt, owing to high student
contribution fees, the long length of law degrees, and because many students who study law take the
course as part of a double degree. Often, humanities or commerce is the second field in these double

8 These figures only include ‘graduates’; those who complete their degree.
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degrees, both of which also attract the highest student contribution rate. Under the JRG scenario, a
substantial fraction of law graduates accrue over $75,000 worth of HECS/HELP.

Chart 3: Distribution of debts under pre-JRG and JRG fee scenarios, by course field of study
Proportion of students
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Note: The distribution of debts included in this chart differs slightly from the distribution used in the final model run for which results are
included, as it is based on earlier research conducted before changes to indexation where legislated.

Income estimates

Because we assume students’ future incomes are independent of their HELP debts, incomes are
identical under the pre-JRG and JRG scenarios.

Chart 4 shows the estimated median incomes, by age and sex, under the two income modelling
approaches in HELPEM. For comparison, we include an additional series which contains the cross-
sectional income profile of incomes for individuals with a bachelor’s degree calculated from the linked
Census — personal income tax dataset. To provide a fair comparison, incomes in the chart below are
all inflated and deflated using WPI. We include all future years of incomes estimated by the model to
give results over the entire age range.
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Chart 4: Estimated median income by age and sex, WPI adjusted
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Until ages of about 30-35, both model results are identical because incomes in this period are
sampled from historical records. Beyond the sampling period, the timeseries approach has a higher
estimate of median incomes than the rank-based (copula) method, particularly for women.

The higher estimates in the timeseries model stem from the model’s autoregressive approach. The
income values in the copula method are taken directly from cross-sectional estimates of historical
income distribution, which does not account for any future structural change over time. By
comparison, the timeseries approach ‘carries forward’ recent structural changes in the incomes in
younger female cohorts. It therefore accounts for some level of future structural change, giving
higher estimates of female incomes over the lifecycle.

There are also some small differences between the historical median incomes and those estimated by
the rank-based model. These differences are because the students in the model studied a different
mix of fields than individuals in historical data, and because our model includes students who did not
complete their degree who are not included in the census - personal income tax data.

In general, both models provide a similar level of year-to-year income mobility to historical data (not
shown). The rank-based approach generally shows slightly higher levels of income mobility,
particularly over time periods longer than one year. This finding is consistent with previous work
(Dearden et al 2006), and probably stems from the assumption that income rank transitions can be
modelled through a single-period Markov process.

For brevity, the remainder of this paper only includes results where incomes were estimated using
the timeseries. We generally prefer this method as it captures some structural change in female
incomes over time. However, both models give very similar estimates of repayment times and costs
to government and our conclusions are not sensitive to the choice of model.

Repayment times increase under JRG fees

Chart 2 shows the modelled length of time it takes for students to fully repay their bachelor debts
under the pre-JRG and JRG scenarios.
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Chart 5: Proportion of students who have repaid their bachelor debt

100%
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Note: The faded blue line on the right panels indicates the pre-JRG scenario. Medians and 75th percentile estimate are not precisely at 50 or
75 per cent, because repayments are made yearly. The curves smooth the discrete yearly values.

Under the pre-JRG scenario, we estimate it would take about 13 years for half of female students, and
10 years for half of male students to repay their debts (left panels). The introduction of the JRG
package slightly increases repayment times by less than one year for women, and about one year for
men (right panels). The time taken for 75 per cent of students to repay their debts also increases by
about one year for both male and female students.

Repayment times increase under JRG because average student fees are higher, and because fee
increases are largest in fields with lower future incomes. However, the aggregate effect of JRG on
average repayment times is relatively small, because students in many fields benefit from lower fees
than previously (see Chart 3).

Increases to repayment times are not felt equally across disciplines

For any individual student, the impact of JRG on repayment times depends on the field they studied
(Chart 6). The field with the shortest median repayment time, medicine, remains the same with half
of students expected to repay their debts in 8 years. For students who studied creative arts, the field
with the longest repayment times, median repayment times increase from 14 to 17 years. Previously,
the median creative arts student paid off their debt 2 years later than the overall student median, but
this increases to 5 years under JRG fee rates.
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Chart 6: Time taken to repay debt, for 25" percentile, median, and 75" percentile, by field of study
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Note: Points are median repayment times. Shaded areas indicate 25th and 75th percentiles.

Under pre-JRG fees, most fields (8 of 13) have a median repayment time of 11 or 12 years. Three
fields have median repayments times of less than 11 years, and the remaining 2 fields had median
repayment times above 12 years. The shift to JRG fees increases the spread of median repayment
times. Under JRG, only 3 fields have median repayment times of 11 to 12 years. Four fields have
median repayment times longer than 12 years, and 6 fields have median times of less than 11 years.

The time taken for 75 per cent of students to repay their bachelor debt depend more on model
specifications and assumptions. However, we generally find that differences in repayment times
between the two scenarios are larger at the 75th percentile compared to the median. For example,
repayment times for the 75th percentile of creative arts and humanities students are 4 and 5 years
higher respectively under JRG fee rates than pre-JRG fees. In both creative arts and humanities, we
expect it to take more than 25 years for three-quarters of students in each field to repay their
bachelor debt.

The increase to the range and spread of repayment times mean there are large differences between
fields of study in when students are likely to clear their debts. For a humanities student who enters
university directly after high school and completes their degree in three years, a median repayment
time of 16 years under JRG fee rates suggests they will be 37 years old by the time they have repaid
their debts. Comparatively, a similar nursing student will clear their debt at age 30.

How does JRG affect the fair value of HELP loans?

HELP allows students to delay paying university fees until their income reaches a repayment
threshold. Although this smooths the cost for students, it does carry a cost to government, which has
two main components:

1. The amount of debt not expected to be repaid, written off upon the death of the debtor.
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2.  An‘interest subsidy’: the difference between the indexation rate of the loan and the
government borrowing rate.® This is equivalent to a discounting of future repayments -
repayments further into the future are worth less to government.

At any given time, the total amount of debt in the HELP system is referred to as the “face value’ of
debt. The face value of debt overstates how much that debt is worth to government because it does
not account for debt that will never be repaid, or for interest subsidies.

Accounting for the debt which is not expected to be repaid and for interest subsidies gives the ‘fair
value’ of debt, which is a better indication of what it is worth to government. The difference between
the ‘face value’ and ‘fair value’ of debt can be expressed as a percentage, often called the total
subsidy rate, which indicates the fraction of debt government loses by providing HELP loans. The
expected fair value of aggregate HELP debt is formally modelled by the Government Actuary.

Chart 7: Fair and face value of debt for students leaving university in 2024, by scenario
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Chart 7 shows the estimated face and fair value of debt for a single cohort of bachelor students,
under each of the policy scenarios. Our estimates are broadly in line with estimates from other
Australian models. For example, the Government Actuary estimates the subsidy rate of new HELP
debt accrued in 2022-23 is 28.3 per cent (Department of Education, 2023). Modelling repayments of
current JRG fee-levels, Higgins and Khemka (2024) estimate a subsidy rate of 28.4 per cent for
graduates studying a 3.5-year degree.

Under the pre-JRG scenario, the face value of debt for the bachelor cohort is about $6.4b, with a fair
value of $4.7b. This implies a total subsidy rate of about 27 per cent. Under the JRG scenario, the total
pool of debt would be 12-13 per cent, or $820m higher, but the fair value of debt increases by just
over half this amount ($440m). The lower increase to the fair value occurs for two reasons.

First, a marginal increase to a student HELP debt will necessarily lead to a smaller increase in fair
value, because the additional debt is repaid ‘last’, once a student has repaid their initial balance. The

9 Qutstanding loan balances are currently indexed at the lower of WPI or CPI. The long-term government
borrowing rate varies, but we assume a rate of 5 per cent per year, in line with the Government Actuary. In
a year where CPl is 2.5 per cent, WPl is 4 per cent, and the borrowing rate is 5 per cent, the interested
subsidy will be the difference between CPI and the borrowing rate (2.5 per cent).
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marginal dollar therefore attracts a higher interest subsidy than the average, and there is a higher
chance that is never repaid.x°

Second, the JRG package changed how debts were distributed between students. Before the Job-
Ready Graduate reforms, fees were more closely aligned to students’ future incomes: fields of study
with higher earnings incurred higher fees. Because JRG increases fees in fields where students tend to
have lower earnings, a greater share of debt is held by students who are slower to repay and less
likely to fully repay their debts (see Higgins and Khemka 2024, for a more detailed discussion of
subsidy rates across fields of study).

The combination of these two factors increases the subsidy rate by about 2.3 percentage points;
about 1.1 ppt increase due to higher overall fees, and about 1.2 ppt increase due to the reallocation
of debts toward students with worse repayment outcomes.

Conclusion

Australia was the first country to introduce an income contingent loan system to support higher
education funding, and the program is often lauded as a policy success. Given the size, widespread
use, and evolving nature of the HELP system, it is important for policymakers to understand the
effects of new or proposed policy changes.

This paper provides an overview of a new model to estimate HELP debt repayments. HELPEM aims to
give policymakers a new tool to explore how changes to higher education policies could affect
outcomes for students and governments.

Our model builds on existing literature and applies both previously used and new methods to richer
administrative data. In particular, we build on past methods to estimate student debts by making use
of detailed information about student study patterns. This allows us to estimate how the distribution
of student debts would change under different policies settings in the absence of behavioural
responses.

We use the model to explore a recent policy change, the 2021 introduction of the Job-Ready
Graduates package. Although our findings are not projections or forecasts, because they only model
policy scenarios and do not take account for upfront or voluntary repayments, the results give broad
insights about the expected longer-term effects of the Job-Ready Graduates program.

Under the Job-Ready Graduate package, we estimate that the average student will take longer to
repay their bachelor debt compared to previous policies. We estimate that JRG will contribute to
larger differences in repayment times between students who studied different fields.1t For some
fields, the result of the policy change is long expected repayment times. In the absence of upfront or
voluntary payments, we expect it to take 16 and 17 years for half of humanities and creative arts
students to pay off their debts. We estimate that a quarter of students will take more than 25 years to
completely repay. Many students in these disciplines may continue to make repayments toward their
debt in their late 30’s, 40’s, and beyond.

10 Assuming that the allocation of debts between students remains unchanged; i.e. that all student debts
increase in a similar way regardless of field of study or other characteristics.
11 Compared to under previous fee rates.
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Although we find that JRG policies increase the total amount of debt bachelor students accrue, this is
caused by large fee increases to a small number of fields of study. In many cases, graduates from
these fields also have relatively lower average earnings.

Because students in lower earning fields have worse repayment prospects, we find that government
subsidies increase under the JRG scenario, and that more HELP debt is written off by government.
Under the JRG package, bachelor debts increase by 12-13 per cent for new cohorts. However, we
estimate that increases to the fair value of debt are about half as large as they appear to be when
taken at face value, because much of the increase in debt is held by students with worse repayment
prospects. Overall, the effective subsidy rate on a HELP loan increases by about 2 percentage points in
the JRG scenario, compared to the pre-JRG scenario.

This is the first version of HELPEM, which could be further developed to create more realistic
estimates of HELP debt repayments by future users. Initial suggestions for further work include adding
estimates of voluntary and upfront repayments, improving the entry module to give more realistic
estimates of student numbers, and more detailed treatment of how macroeconomic and structural
changes may affect incomes and repayments. Further work could also be undertaken to compare how
methods for estimating incomes compare to other approaches commonly used in the literature, such
as methods used by Britton, van der Erve and Higgins (2019), with a particular focus on the level of
income mobility over the life cycle.
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Appendix

Table A1: Field of education definitions and student contribution rates

Field Field of education codes
Science 01 (Natural and physical sciences)
IT 02 (Information technology)

Engineering | 03 (Engineering and related technologies)

Architecture | 04 (Architecture and building)

Agriculture | 05 (Agriculture, Environment and related studies)

Medical 0601 (Medical studies), 0607 (Dental studies), 0611 (Veterinary studies)
Nursing 0603 (Nursing)

Other health | 06 (Health), excluding those included in medical and nursing

Education 07 (Education)

Commerce 08 (Management and commerce), and 0919 (Economics and econometrics)
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Humanities | 09 (Society and culture), excluding 0919 (Economics and Econometrics) and 0909
(Law)

Law 0909 (Law)

Creative arts = 10 (Creative arts).

Source: Cherastidtham, Norton & Mackey (2018). Student contribution rates are as of 2024, and are for a single full-time
study load equivalent year (Department of Education). Note that we refer to ‘bands’, based on student contribution rates,
not ‘funding clusters’, which are based on the total revenue received for the unit (student and Commonwealth contributions).

Timeseries income simulation decision matrix

Income state in Income state in = Ever previously been in = Method for estimating incomes

current year t yeart-1 ‘normal income’ state?

No income Imputed 50

Lower income No income Draw from income distribution:
F income (X)

Lower income Lower income Draw from income growth distribution:
F growth (x)

Lower income Regular income Draw from income growth distribution:
F, growth (x)

Regular income No income Yes Last regular income value carried

forward, with adjustment

Regular income No income No Draw from income distribution:
Fincome(x)
Regular income Lower income Yes Last regular income value carried

forward, with adjustment

Regular income Lower income No Draw from income distribution:
Fincome (x)

Regular income Regular income Draw from income growth distribution:
Fgrowth(x)
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