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People with disabilities in Australia
▶ In 2022, 5.5 million Australians (21.4% of the population)

reported a disability, up from 4.4 million (18%) in 2018.
(Australian Bureau of Statistics, 2024)

Figure: Share of the working-age population with a long-term
health condition, impairment or disability (HILDA)
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This paper

1. Estimates life-cycle profiles of labour productivity by
education level and disability status

▶ Using household survey data (HILDA)
▶ Modeling heterogeneous labour inputs

2. Quantifies economic costs of disability

▶ Using a structural model in which experience is accumulated
endogenously through learning by doing
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Main Results

1. Productivity gap associated with disability:

▶ primarily lower labour efficiency

2. The experience component:

▶ plays an increasing role over age

3. Removing the experience component (switching off learning
by doing):

▶ substantial loss in lifetime labour earnings, income and
consumption
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Part I: Empirical Analysis



Data
▶ The Household, Income and Labour Dynamics in Australia

(HILDA): waves 1-24, 2001-2024

▶ Concept of disability:

1. Non-disabled: no long-term health condition, impairment or
disability, or a condition that does not limit work (limitation
indicator 0)

2. Disabled: long-term condition that limits the type or amount
of work.

▶ Moderate: limitation indicator between 1-5
▶ Severe: limitation indicator between 6-10, or cannot work at

all

▶ Concept of (work) experience: the total number of years an
individual has been engaged in employment

▶ Other definitions:

1. Education: non-university or university
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Methodology

▶ Following Kim & Rhee (2022), we assume workers contribute
two distinctive inputs:

1. Pure labour: physical effort
2. Pure experience: human capital accumulated through labour

market participation

▶ The hourly wage rate, w , is used as a proxy for productivity.

▶ The wage equation can be written as

w(j , dis, e) =

Labour component⏟ ⏞⏞ ⏟
RL · λL(j , dis) +

Experience component⏟ ⏞⏞ ⏟
RE · λE (j , dis) · g(e)

(1)

where j , dis, e, R, λ and g(e) represent age, disability status,
work experience, price, efficiency unit and a function of
non-linear accumulated experience function.
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Methodology
▶ Wages vary by education in the model. Equation (1) can be

further rewritten as

w(j , dis, e, edu) = RL · λL(j , dis, edu)

× [1 + ΠE · λE (j ,dis,edu)
λL(j ,dis,edu)

· g(e)], (2)

where ΠE ≡ RE/RL is the relative price of E to L.

▶ Finally, we estimate the log-wage transformation of (2):

ln(wit) = dt + lnϕL(disit , eduit)

+ [λL,0(eduit) + λL,1(eduit)jit + λL,2(eduit)j
2
it ]

+ ln

[︄
1 + ΠEt

ϕE (disit , eduit)

ϕL(disit , eduit)

× exp
(︂
λE/L,0(eduit) + λE/L,1(eduit)jit + λE/L,2(eduit)j

2
it

)︂
× (eit + γ1e

2
it + γ2e

3
it + γ3e

4
it)

]︄
+ βXit + ϵit (3)
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Methodology
▶ Combining the estimated

1. Efficiency schedules λ̂L and λ̂E
2. Accumulated experience ĝ(e)
3. Relative price Π̂E

4. Other regressors ẑ ,

total productivity can be decomposed into two components,
the labour component and the experience component.

▶ Equation (2) can be expressed as

ŵit(j , dis, e, edu) = ẑit · R̂Lt · λ̂L(j , dis, edu)

· [1 + Π̂E · λ̂E (j ,dis,edu)

λ̂L(j ,dis,edu)
· ĝ(e)], (4)

where ẑit · R̂Lt · λ̂L(j , dis, edu) is denoted as the base wage or
the labour component, and ẑit · R̂Et · λ̂E (j , dis, edu) · ĝ(e) is
defined as the experience component.
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Identification
▶ Wages are observed only for employed workers, leading to

selection bias when estimating Equation (3).

▶ Two-stage estimation procedure proposed by Heckman
(1979):

1. First stage:

Probability(empit = 1|Xit ,Zit) = Λ(Xit ,Zit), (5)

where Z is the instrument.

2. Second stage: Obtain the inverse Mills ratio and include it in
Equation (3).

▶ We use the one-year lagged weekly time spent on household
errands as the instrument:

1. Relevance: Wald test and partial F statistic in the selection
equation

2. Exclusion: reduced-form falsification diagnostic
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First stage regression results

▶ Moderate (severe) disability is associated with a 10.55 (30.69)
percentage point lower probability.

▶ Significance levels are denoted as follows:
∗ ∗ ∗p < 0.001, ∗ ∗ p < 0.01, ∗p < 0.05.
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Second stage regression results

▶ Moderate and severe disabilities reduce labour efficiency by
11.9% and 16.5% on average. Severe disability also reduces
experience efficiency (by 32.0% for non-university workers).
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Life-cycle profiles of efficiencies: Non-university cohort

(a) Labour efficiency (b) Experience efficiency

Figure: Life-cycle patterns of labour [λL] and experience [λE ] efficiencies
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Accumulated Experience

Figure: Cumulative experience function [g(e)]
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Life-cycle profiles of effective experience: Non-university
cohort

Figure: Life-cycle patterns of effective experience [λE × g(e)]
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life-cycle profiles of predicted productivity : Non-university
cohort

(a) Non-disabled (b) Moderately disabled

(c) Severely disabled 16 / 67



Part II: Structural Analysis



Stochastic Overlapping Generations Model

▶ Disability type: εD ∈ {ND,MD, SD}
(Non-disabled, Moderately disabled, Severely disabled)

▶ Education type: εE ∈ {NU,U}
(Non-university, University)

▶ Labour productivity shock: ηz ∈ {ηLow , ηMid , ηHigh}, with
transition probability matrix πz(ηz,j+1|ηz,j)

▶ Endogenous experience: xj , accumulated through learning by
doing

▶ Calibration:

1. Australian tax and transfer system (progressive tax, age
pension, disability support pension)

2. Learning-by-doing technology disciplined by the estimated
experience component
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Endogenous experience: learning by doing

▶ In the model, experience xj is a state variable accumulated
endogenously from weekly hours worked hj :

xj+1 = (1− δx) xj +min
{︂
1,
(︂

hj
40

)︂ηx
}︂

(6)

full-time work adds at most one FTE year per period; experience
depreciates at rate δx

▶ Experience raises hourly productivity through the bounded learning
function

gεD ,εE (xj) = 1 + κx(εD , εE )
(︁
1− e−θxxj

)︁
(7)

▶ Labour income: η(zj) ēj,εD ,εE gεD ,εE (xj) (1− lj)w

▶ κx(εD , εE ): calibrated to the estimated experience premium of each
group; hours today raise productivity tomorrow

19 / 67



Household problem

Vj(χj) = max
cj , lj , aj+1

{︄
u(cj , lj ; n̄j ,εD ,εE · 1[0<nj ])+

β

[︃
ψj+1

∑︂
ηz,j+1

πz(ηz,j+1|ηz,j) · Vj+1(χj+1)+

(1− ψj+1)b(aj)

]︃}︄
,

(8)

subject to

aj+1 =

Taxable income (yj )⏟ ⏞⏞ ⏟
raj + ηz,j ej ,εD ,εE gεD ,εE (xj) (1− lj)w⏞ ⏟⏟ ⏞

Market income(ym
j )

+pensionj≥Jp

+ dspj<Jp − tax(yj) + beqj + aj − (1 + τc)cj

(9)

and the experience accumulation rule.
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Calibration
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Experiment

▶ To what extent would the removal of the experience
component reduce lifetime (life-cycle) labour earnings, net
income and consumption? Would the effect vary across
education and disability?

▶ Implementation: switch off the learning-by-doing channel
(κx = 0, so g(x) = 1), holding prices at the benchmark.

22 / 67



life-cycle profiles of labour earnings : Non-university cohort

(a) Non-disabled (b) Moderately disabled

(c) Severely disabled
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Experiment results: Removal of experience component

Figure: Removal of experience component:
Lifetime labour income, net income and consumption
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Conclusion

▶ Address the gap in Australian literature by exploring disability
effects on heterogeneous human capital

▶ We find that

1. Disability-related productivity gaps are mainly driven by lower
labour efficiency.

2. Experience matters for non-university workers.
3. Removing the experience component significantly reduces

income (monetary) and consumption (welfare).

▶ Next steps...

1. General equilibrium model with stochastic disability shocks
2. Evaluate DSP policy reforms
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Extension: Elasticity of substitution



Aggregate economy

▶ Assume a representative firm in an aggregate economy, who
exhibits a CES production function:

Yt = AtF (Lt ,Et) = At(L
ζ
t + δE ζ

t )
1
ζ , (10)

where δ captures the relative efficiency of E to L, and ζ
determines the substitutability between the inputs.

▶ The elasticity of substitution between labour L and experience
E is given by 1

1−ζ :

1. If ζ = 1, labour and experience are perfect substitutes
2. If ζ < 1, they are imperfect substitutes or complements: their

relative prices are affected by their relative proportions
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Relative price of experience to labour

▶ Following Kim & Rhee (2022), we compute aggregate labour
and experience by summing individuals at time t:

L̂t =
∑︂
i

λ̂L(j , dis, edu) · hit (11)

Êt =
∑︂
i

λ̂E (j , dis, edu) · ĝ(e) · hit (12)

▶ Relative supply of E to L: Êt/L̂t .

▶ Relative price of E to L = ΠEt ≡
FEt
FLt

, where F is the marginal

product.

▶ With the CES form, relative price can be written as

ΠEt = δ

(︃
Et

Lt

)︃ζ−1

(13)
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Estimation of δ and ζ

▶ The elasticity of substitution is not identified in this sample:
only one of four specifications yields an admissible (negative)
slope, and none is robustly significant.

▶ Nothing in the structural model depends on this elasticity:
production is Cobb–Douglas in capital and effective labour.
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CES price regression across specifications
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2. Labour supply and human capital:
Jeong, Kim, & Manovskii (2015); Keane (2016)

3. Disability effects:
Gilleskie & Hoffman (2014); Kim & Rhee (2022)

▶ Structural model:

Kitao (2014); Low & Pistaferri (2015); Michaud & Wiczer
(2021); Kim & Rhee (2022); Jung & Tran (2022)

▶ Australian literature:

Wilkins (2004); Cai (2009); Cai & Jeffrey Waddoups (2012);
Cai (2021); Deshpande, Kaplan, & Leigh-Wood (2025)
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Sample size
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Summary statistics by age
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Summary statistics by disability and education
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Distribution of work experience by disability status and
education

(a) Non-university, ND (b) Non-university, MD (c) Non-university, SD

(d) University, ND (e) University, MD (f) University, SD
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Disability and employment

▶ Non-employment is prevalent among people with disabilities.

▶ They are less likely to work full-time compared to those
without disabilities.

(a) Employment Ratio (b) Full-time Ratio

Figure: Life-cycle patterns of employment
and full-time status by disability status
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Disability and education

▶ Only 20% of individuals with moderate disabilities and 10% of
those with severe disabilities have attained a university degree.

Figure: Life-cycle patterns of university
education attainment by disability status
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Instrument relevance and exclusion diagnostics
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Exclusion restriction: other candidates
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First stage probit regression results
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Data VS Model: log-wage trends

(a) Non-university (b) University
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Second stage robustness check: Selection control
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Second stage robustness check: Alternative specification
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Second stage robustness check: Alternative variance
estimators
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Second stage robustness check: Additional year-specific
controls
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Life-cycle profiles of efficiencies: University cohort

(a) Labour efficiency (b) Experience efficiency

Figure: Life-cycle patterns of labour [λL] and experience [λE ] efficiencies

51 / 67



Life-cycle profiles of effective experience: University cohort

Figure: Life-cycle patterns of effective experience [λE × g(e)]
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life-cycle profiles of predicted productivity : University
cohort

(a) Non-disabled (b) Moderately disabled

(c) Severely disabled
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Wage decomposition: Male
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Wage decomposition: Female
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Taxes and transfers

▶ Consumption tax: τc

▶ Progressive income tax (Tran & Zakariyya, 2022):

tax(yj) = max{0, yj − λy1−τ y

j }

▶ Disability support pension (meet hours and medical tests)
before age 65, age pension since age 65 (Kudrna, Tran, &
Woodland, 2022):

pension =

⎧⎪⎨⎪⎩
pmax if ym ≤ ȳ1

pmax − ωy (ym − ȳ1) if ȳ1 < ym < ȳ2

0 if ym ≥ ȳ2

(14)
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Experiment results: Removal of DSP

Figure: Removal of DSP:
Lifetime labour income, net income and consumption
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Estimation target: Average labour hours (weekly)

(a) Non-university (b) University

Figure: Data VS model: Life–cycle profiles of weekly hours worked
by education and disability status
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Estimation target: Employment rate

(a) Non-university (b) University

Figure: Data VS model: Life–cycle profiles of employment rate
by education and disability status
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Estimation target: DSP recipient ratio

Figure: Data VS model: Life–cycle profiles of DSP participation rate
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Model fit: Annual labour earnings

(a) Non-university (b) University

Figure: Data VS model: Life–cycle profiles of annual labour earnings
by education and disability status
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Benchmark and counterfactual aggregates
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Robustness: model without learning by doing

▶ Alternative model in which experience is not endogenous: the
learning-by-doing channel is switched off, and each group is
endowed with its estimated total wage profile (labour and
experience components together, taken as given).

▶ The model is recalibrated to the same targets, and both
experiments are repeated.

▶ The following slides compare the benchmark (learning by
doing) with the no-learning model: the benchmark fits the
targets more closely, and the experience experiment is larger
because removing experience also removes the incentive to
accumulate it.

▶ Aggregate and distributional conclusions are unchanged.

63 / 67



Calibration fit: benchmark versus no learning

Figure: Root-mean-squared calibration errors by group
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Removal of the experience component: benchmark versus
no learning

Figure: Changes in lifetime variables (%)
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Removal of the DSP: benchmark versus no learning

Figure: Changes in lifetime variables (%)
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Aggregate outcomes: benchmark versus no learning

Figure: Baseline and counterfactual aggregates
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