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Research question

Are unanticipated changes in the growth of (real) housing prices related to the
probability of relationship dissolution in Australia?

Our contributions:
• Australian evidence: important given different institutional environment (i.e.

divorce laws, property settlement) and high (real) housing prices (owner-occupied
and rental)

• Consideration of different types of partnerships (i.e. legally married couples and
common law couples), and different types of tenures
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Economics of marriage

Becker, Landes and Michael (1977) provides an economic framework for explaining
martial instability using principles of rational choice and utility maximisation
Individuals enter marriage market because perceived gains from marriage include
economies of scale (from co-residence) and ability to produce martial specific capital
Individuals ‘marry’ after a period of sorting and search. Once partnered they will
accumulate capital and assets within the relationship
Shocks or new information may lead to a reassessment of initial expectations with
respect to a partner
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Why housing price shocks might effect likelihood of separation

Housing prices closely linked to a range of behaviours and outcomes including
consumption, labour supply, and fertility

Housing price shocks affect divorce risk because couples lose economies of scale in
housing consumption post-divorce

Conversely, an increase in housing prices leaves them with more money to split, making
them wealthier and potentially able to match with a better partner in the marriage
market

We argue a positive housing price shock will have ambiguous implications for
owner-occupiers, but a negative housing price shock will increase likelihood of
separation. Outcome might be different for renters and could be heterogeneity across
housed types
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What have others done?

A few studies have investigated the impact of housing price shocks on divorce risk
overseas, including:

• Rainer and Smith (2010) (UK)
• Farnham, Schmidt and Sevak (2011) (US)
• Battu, Brown and Costa-Gomes (2013) (UK)
• Klein (2017) (US)

Typically estimate housing price shocks as residuals from AR(2) process following
Disney, Gathergood and Henlay (2010) who looked at impact on consumption

To best of our knowledge, no previous study has considered the role of housing price
shocks on the risk of divorce (separation) in Australia
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The problem of endogeneity

Housing prices unlikely to be completely determined by own past history (Saunders and
Tulip, 2020)

Studies show including other macroeconomic variables such as interest rates and
unemployment can improve model fit (Abelson et al. 2005)

Leaving out key regressors means there is an endogeneity issue, so results of previous
studies could be biased

Likely to be endogeneity issues between various macroeconomic variables as well
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What is a shock?

Ramey (2016) defines shocks as, ‘primitive exogenous forces that are uncorrelated with
each other and should be economically meaningful’

Shocks should have these properties:
• Exogenous with respect to other current and lagged endogenous variables in model
• Uncorrelated with other exogenous shocks; otherwise, can’t identify unique causal

effects of one exogenous shock relative to another
• Represent either unanticipated movements in exogenous variables or news about

future movements in exogenous variables

By focusing on residuals from an AR process, previous authors have violated these
properties
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Estimating housing price shocks

Estimate real housing price growth shocks using a Structural Vector Autoregression
(SVAR) – commonly done to estimate monetary policy shocks

Include four macroeconomic variables shown to be important for determining housing
price growth:

1. Unemployment rate
2. Variable lending rate
3. Housing credit for owner-occupiers
4. Approvals for detached dwellings
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Dataset – SA4 housing prices and national macroeconomic controls

Use SA4 regional level data on housing prices (N = 87)

Convert all monthly series to quarterly by computing quarter average/sum for flow
variables and taking last month of quarter for stock variables

Deflate housing prices, variable lending rate and housing credit using CPI excluding
Housing
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Identifying shocks using a SVAR model

Estimate a reduced-form VAR(p) model for each SA4 region i = 1, . . . , 87:

Yit = A0 +
p∑

j=1
AijYit−j + ηit, ηit ∼ N (0, Σηi) (1)

where Yit is a vector of macroeconomic variables plus i-th SA4 real housing price
growth series. Set p for each region i based on BIC. Across the 87 SA4 regions the
mean value for p was 2
Link reduced-form VAR innovations ηit to latent structural shocks εit:

ηit = Hεit, εit ∼ N (0, I) (2)

where H is the impact matrix – maps structural shocks to reduced-form innovations
To identify structural shocks need to impose restrictions on H
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Recursive identification

Common identification method used in macroeconomics – imposes alternative sets of
recursive zero restrictions on contemporaneous coefficients

Ordering of variables is crucial – reflects assumption about causal structure of model.
Variables earlier in ordering contemporaneously affect those later but not vice versa

Order housing price growth last – prioritises fundamentals (e.g. unemployment,
interest rates) as causally prior to housing market dynamics
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From reduced-form innovations to structural shocks

Equation (2) implies εit = H−1ηit and j-th row can re-written in terms of ηjt as:

ηjt = 1
hjj

εjt −
j−1∑
i=1

hjiηit

 (3)

Equation (3) shows can estimate j-th structural shock by regressing j-th reduced-form
innovation ηjt on j − 1 reduced-form innovations from VAR model in Equation (1):

ηjt =
j−1∑
i=1

bjiηit + ujt (4)

Residual from regression, ujt, will be an estimate of structural shock εjt (up to a scale
multiple hjj)
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Assessing suitability of recursive identification

Conduct Wald test on joint significance of bji coefficients in Equation (4) to determine
if recursive ordering is supported by data

Across 87 SA4 regions proportion of rejections of null hypothesis that at least one
bji = 0 at 5 per cent was approximately 90 per cent (p-values corrected)

Shows other macroeconomic variables important and necessary for estimating the real
housing price growth structural shock series for a majority of SA4 regions

Supported by R-squared statistics from regression of Equation (4) for each SA4 region.
Mean R-squared statistic is 0.22 – other variables contain meaningful information
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Dataset – HILDA Survey

Detailed information on 7,000 households and occupants on a variety of
social-economic and demographic characteristics (including partner), available annually
since 2001
Sample consists of married or cohabiting couples who may/may not be legally married.
Date of divorce set at date of separation
Includes homeowners and renters 18 to 80 years old. Couples matched using their
partner ID
Data organised in a couple-year format, with characteristics represented by the female
Sample consists of approx. 55,000 couple-year observations; over 5,000 unique couples
of which approximately 13 per cent report separating from partner
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Predicting probability of divorce

Estimate Probit model with divorce as dependent variable:

Pr (Dit = 1 | Xit−1, Zi, HPSit−1) = Φ (αXit−1 + βZi + γHPSit−1)

Where:
• Dit is a binary variable; 1 if divorced in year t and 0 otherwise
• Φ is standard Gaussian CDF
• Xit−1 contains time-variant controls measured in year t − 1, capturing changes

experienced by couples after marriage including employment status, income, and
financial condition

• Zi contains time-variant controls capturing matching quality (i.e. education
background and age differences)

• HPSit−1 represent our real housing price growth shock series which in some cases
enter as a separate negative or positive shocks
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Results – homeowners

Housing price shocks (HPS) have an asymmetric effect on separation

Negative HPS increase likelihood of separation but not contemporaneously
• Unanticipated decrease in growth of housing prices leads to an increase in

likelihood of separation
• Reduces the economies of scale from being married (encouraging separation), but

reduces individual’s ‘value’ in marriage market (discouraging separation)

‘Economies of scale’ effect outweighs ‘value’ or ‘wealth’ effect, but estimated effect
small
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Results – renters

HPS have a symmetric effect

Effect is contemporaneous and associated with a lower likelihood of separation when
there is a positive HPS

• May reflect loss of economies of scale in housing for renters – no wealth effect
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Results – sub-groups

High vs low education
• Negative HPS lowers benefits associated with economies of scale – high education

individuals have more outside opportunities

High vs low income
• Negative HPS lowers benefits associated with economies of scale – high income

individuals have more outside opportunities

Children vs no children
• More sensitive to HPS because economies of scale more important when children

involved

Also investigate high mortgage vs low mortgage; old vs young; and urban vs rural
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Conclusion

Results generally consistent with other studies and a priori expectations

Homeowners: effect of HPS is asymmetric. Evidence that negative HPS leads to
higher probability of separation. No effect with positive HPS. But effect not immediate
and not large

Renters: Pattern is more pronounced and immediate

Sub-groups: More pronounced for those with higher education, incomes, mortgages
and with children

Policy implication: housing markets could be keeping individuals locked into marriages
they’d prefer to leave
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