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1 Introduction 
The key lesson from the 2007/2008 financial crisis is that the financial sector plays a crucial role in 

modern economies in general and private debt in particular matters for macroeconomic outcomes. 

Nevertheless, a decade after the crisis many open questions remain and there is no consensus among 

economists about the main aspects of financial-real interactions and how to incorporate them in 

macroeconomic models and theories.  Focussing on private sector (and particular household sector) 

debt is justified not only by the events of the recent crisis but by a broad set of historic (the US banking 

crises in the (long) 19th century in: the 1830s, 1857, 1873, 1893, 1907), theoretical (Bernanke et al. 

1998, Fisher 1933, Koo 2011, Minsky 1978) as well as empirical (Bezemer and Zhang 2014, Borio 2014, 

Eichengreen & Mitchener 2003, Mian and Sufi 2009, Schularick and Taylor 2012) evidence which 

suggests that rapid accumulation of liabilities in the private sector make economic crises more likely 

and that recessions which are preceded by household sector debt accumulation tend to be more 

severe and are followed by more sluggish recoveries compared to recessions without an overindebted 

household sector (Mian and Sufi 2010). As a result, it is not surprising that economic policy makers 

began to closely monitor variables like household sector debt-to-income ratios, house prices and debt 

service payments. The BIS for example began to compile and publish a dataset on private sector debt. 

The European Commission included house prices, private sector debt stocks and flows as well as the 

total liabilities of the financial sector as key indicators in the Macroeconomic Imbalance Procedure 

(European Commission 2018).  

While there is a growing body of research which demonstrates the serious adverse effects an 

overindebted household sector can have on the economy, much less research is available which seeks 

to understand and explain what drives households to take on excessive debt in the first place. It is 

against this background that this paper aims to contribute to a better understanding of household 

sector debt accumulation by estimating a household sector debt accumulation function for the United 

States based on annual data from 1951 to 2006. The goal is twofold: First, the paper investigates the 

relative importance of different factors driving household debt accumulation. Second, we show that 

parameter instability over long sample periods are a serious problem for robust inference but can 

reasonably well be dealt with by the simple idea of step indicator saturation (Castle et al., 2015; 

Hendry and Mizon, 2014; Marczak and Proietti, 2016). 

The main findings can be summarised as follows: Firstly, our results strongly suggest that property 

prices are the most important factor for explaining the evolution of outstanding household sector 

liabilities relative to household income over the period 1964 to 2006. This is an important contribution 

and is especially relevant for the theoretical literature which incorporates private and household 

sector debt into formal models because it fundamentally questions the popular modelling choice of 

treating household indebtedness as driven by consumption decisions. Secondly, the pronounced 

changes of the income distribution over the sample period had a significant impact on the 

accumulation of liabilities in the household sector over the sample period. While the explanatory 

power of the top 1% income share is clearly second to the evolution of house prices, our results show 

that the increasingly polarised distribution of income positively contributed to household sector debt 

accumulation. Thirdly, the long run income elasticity we estimate is very close to and not statistically 

different from 1. This indicates that household liabilities do evolve in proportion with disposable 

income growth holding other factors, most importantly house prices, constant. Put differently, 

economic expansions on their own do not lead to rising debt to income ratios. Fourth, the 



relationships between the time series under investigation change over the full sample period of 1951 

to 2006. Some of these changes can be modelled by means of step indicator saturation and some 

cannot which forced us to choose a later sample start to obtain a specification which exhibits stable 

parameters. This demonstrates that paying attention to parameter stability and structural change is 

of fundamental importance. Fifth, when investigating household sector liabilities, non-bank credit is 

crucial and therefore focussing on bank credit only misses a big part of the picture.  

The remainder of the paper is structured as follows: The next section discusses how household sector 

debt is currently looked at in macroeconomic models and research. Section 3 introduces the dataset 

and the methodology, most importantly our combination of Autoregressive Distributed Lag (ARDL) 

models with step indicator saturation and recursive estimations. Section 4 presents the recursive 

estimation results and section 5 concludes. 

  



2 Household Sector Debt in Macroeconomics 
The way household sector borrowing, and indebtedness is incorporated into theoretical 

macroeconomic models varies greatly. We are following Stockhammer and Wildauer (2018) and 

distinguish between authors who model household debt as the outcome of consumption decisions, 

authors who consider household debt as the outcome of real estate transactions and authors who 

consider household debt as the outcome of economic policy. In addition, we also consider authors 

who argue that household sector indebtedness is a general result of economic expansions. 

Modelling household debt accumulation as the outcome of a consumption decision is the most 

common approach in the literature. The specific mechanisms at work in different models however 

differ greatly. First there is an extensive literature on wealth effects in the consumption function, for 

example see the survey of. While many authors regard relaxed credit constraints due to increase asset 

valuations as the reason for wealth effects to materialise, it is households’ desire to consume which 

leads to more borrowing and thus household indebtedness is fundamentally an outcome of 

consumption decisions. Second, the Post Keynesian literature on stock flow consistent (SFC) modelling 

(Godley and Lavoie 2007; Zezza 2008; Nikolaidi 2015) views household consumption as being 

anchored by so-called stock-flow norms (Godley and Lavoie 2007, p.75). For example, if households 

follow an implicit net-wealth-to-income target due to precautionary reasons, an increase in house 

prices and thus real estate wealth would push them above their target value. One way to get back on 

their target would be to consume part of the excess wealth due to the higher level of real estate wealth 

and thus to borrow against that asset. Like the situation of easing credit constraints, household 

borrowing would increase following an increase in asset prices but is caused by an underlying 

consumption motive. Third, there is a large body of literature (Frank et al. 2014, Kapeller and Schütz 

2014, Ryoo and Kim 2014, Behringer and Treeck 2013) which argues that households consume not 

only for their own direct satisfaction but also to signal their social status to their peers. In addition, if 

social status is related to income and wealth, households will look to (slightly) richer peers or peers 

whom they perceive as richer based on their status display, when deciding on their own expenditures. 

Under these circumstances rapidly growing top incomes can lead to a cascade of status driven and 

debt financed expenditures down the income distribution. A similar argument which relates 

household borrowing to shifts in the income distribution is that if households are reluctant or unable 

to adjust their expenses in the face of declining income growth rates, they will borrow to maintain 

their living standards. Kumhof et al. (2015) make an argument along these latter lines which seem to 

be highly consistent with the US experience since the 1940s: The disposable income share of the 

bottom 90% increased from 66% in 1945 to 70% in 1969, remained flat around 70% until 1980 and 

then began to fall from 70% to 60% in 2006 and continued to fall thereafter. For the 40% of US 

households between the 51st and 90th percentile of the income distribution their share of aggregate 

disposable income fell from 45.4% in 1962 to 41.6% in 2006 (Piketty et al. 2018)1. This means large 

parts of the US population experienced stable and even above average income growth up to the 1980s 

and declining growth rates thereafter2. So, both arguments, other-regarding social norms and 

                                                           
1  These figures are coming from the Distributional National Accounts (DINA) project and are based on a cash-
measure of disposable income which excludes in-kind transfers and collective expenditures from the definition 
of disposable income. See Piketty et al. (2018) section 3 for details. 
2 Piketty et al. (2018, p. 41) document an interesting fact in their breakdown of disposable income by sex. They 
show that median pre-tax labour income remained flat for men over the 1960 to 2014 period, whereas due to 
increased labour force participation female median labour income increased from less than $5000 in 1962 to 



borrowing in order to maintain living standards, predict a positive relationship between top income 

shares and household sector indebtedness (and a negative relationship between bottom and middle-

income shares and household debt). 

Modelling household liabilities as an outcome of consumption decisions seems to be ad odds with the 

fact, that most outstanding household liabilities are mortgages. The share of mortgage debt was 

roughly stable around 66% in the US until the mid-1980s. The end of non-mortgage interest payment 

tax deductibility as part of the Tax Reform Act of 1986 led to substitution of consumer loans in favour 

of mortgages. Together with a booming housing market the mortgage share climbed and peaked at 

78% in 2006. There is an established literature which argues that house prices exhibit speculative 

dynamics due to momentum trading (Dieci and Westerhoff 2012, Shiller 2015, Bofinger et al. 2017). 

Similar approaches are used to model speculative dynamics in financial markets or cycles in the 

macroeconomy in general (DeGrauwe and Macchiarelli 2015). Theoretically these models are based 

on the idea that so-called momentum traders form their expectations based on past prices and 

extrapolate past price increases into the future. In contrast fundamentalist traders form their 

expectations in relation to some fundamental equilibrium value or target like a long-term house price 

to rent ratio. In a boom, prices increase and deviate more and more from the long-term equilibrium. 

Agents learn and update their expectation formation technique, generating an increasing share of 

momentum traders, which prolongs the boom before it eventually crashes. While Minsky’s financial 

instability hypothesis (Minsky 1978) was mainly concerned with business debt, the idea of a self-re-

enforcing boom due to prevailing stability and increasing asset prices, could also be extended to the 

household sector. For a survey of the recent Minsky literature see (Nikolaidi and Stockhammer 2017). 

In addition to these models of speculative demand for housing, there is also a “need-based” demand 

for housing and since both transactions are likely to be partially debt-funded both have the potential 

to increase household sector liabilities. Thaler (1990) for example argues that mental accounts play 

an important role how households plan and organize their finances. Thaler (1990) argues that for large 

parts of the 20th century most US citizens did not perceive home equity as a form of wealth which can 

be readily spent or borrowed against for consumption purposes. This implies that households 

primarily borrowed to purchase real estate, rather than to consume. However, a few years later, 

Thaler (2015) pointed out that mental accounts changed over the previous two decades in the sense 

that it became much more accepted to borrow against home equity for consumption purposes.  

The previous two paragraphs highlight the fact that rising real estate prices have the potential to 

increase household sector indebtedness through various channels: 1) eased credit constraints enable 

debt-financed consumption, 2) surpassed wealth target norms lead to debt-financed consumption of 

“excess wealth”, 3) expectation of further price increases spurs speculative demand, 4) stimulate 

home equity-based borrowing if housing wealth is shifted to mental accounts which are used to 

finance consumption and 5) requirement for shelter forces households to shift a larger proportion of 

their budgets towards housing and take out larger mortgages. In our analysis we do not attempt to 

individually identify these channels but to separate housing related channels from non-housing 

related channels.  

However, even without a change in asset prices or the distribution of income, an increase in household 

income will stimulate household sector borrowing. This might seem odd at first. If household income 

                                                           
more than $20,000 in 2014. Increasing female labour force participation helped to maintain increasing overall 
household incomes for couples. 



increases, a rational consumer could run down her liabilities, pay less interest and improve her net-

worth position. However, the more households value current consumption over future consumption, 

the more they will use additional income to service accordingly larger liabilities. Such behaviour is not 

only consistent with intertemporal optimization with large discount rates but also with a behavioural 

explanation of consumers relying on rules of thumb and acting according to habits.  If households are 

used to spending a specific proportion of their income on consumer loans or a mortgage to afford a 

certain standard of living, they will continue spending roughly that same proportion on debt service 

payments as their income increases. With growing income, households want to enjoy a larger house, 

a larger or second car and more expensive holidays. While there will be a natural degree of 

heterogeneity among individual consumers in how they react to income increases over time, at the 

aggregate level, desired living standards are likely to increase over time and thus liabilities will increase 

with them over time. With respect to the question of household sector indebtedness the key issue 

becomes whether living standard expectations grow in line with, slower or faster than disposable 

income. Holding other factors constant, aggregate debt-to-income ratios would remain stable, decline 

or increase, respectively. Since we are looking at sectoral aggregates one factor which can also 

contribute to aggregate debt growing at a faster rate than aggregate income is if the proportion of 

households which hold debt increases. 

Some authors argue that the accumulation of liabilities in the US household sector is the side effect of 

specific economic policies. Taylor (2009) argues that the US central bank kept interest rates too low 

for too long after the economic slowdown in the early 2000s. In doing so the Fed encouraged excessive 

borrowing by households. Sinn (2014) and Sinn and Valentinyi (2013) make similar arguments for 

Europe.  

Lastly, an empirical analysis of household sector debt accumulation should also take shifts in credit 

conditions into account. Most importantly for the US case these shifts constituted the use of off-

balance sheet vehicles to drastically reduce capital requirements and broadening mortgage lenders’ 

customer base including sub-prime borrowers. We have little reason to believe that these credit 

supply shifts are uncorrelated with the other variables of interest, especially residential property 

prices. The available macroeconomic data gives rise to different proxies for these credit supply shifts, 

unfortunately none of them convincingly measures the changes in financial regulation and bank 

behaviour which led to the expansion of mortgage credit, especially in the decade prior to the financial 

crisis. The first proxy is to use the aggregate assets of Asset-Backed Securities issuers and Agency- and 

GSE-Backed Mortgage Pools, which constitute a sub-sectors of the US financial sector as reported in 

the US flow of funds account. These two sub-sectors account for the majority of sub-prime mortgage 

lending which represented this important pre-2007 change in bank behaviour. However, using time 

series of the assets of these sectors, which are mortgage liabilities from the household sector’s 

perspective, would mean using part of the dependent variable as a regressor. Another proxy for credit 

supply shifts are banks’ capital ratios. The fundamental problem with such a measure is that an 

important part of the pre-2007 change in behaviour related to the creation of off-balance sheet 

vehicles which are not captured by capital ratios of e.g. chartered deposit institutions. Third, Gertler 

uses non-interest income as a proxy for changing banking business practices. While the FDIC provides 

important information on interest an non-interest income, these measures do not cover non-insured 

institutions like special purpose vehicles which played a crucial role in the pre-2007 mortgage credit 

expansion. What that means for our analysis is that we cannot identify the impact of credit supply 

shifts separately from property price changes. However, we are much more comfortable with the 



assumption that credit supply shifts are largely uncorrelated with the distribution of income and 

interest rates. Put differently unless one believes that top income shares and interest rates are 

primarily or heavily affected by credit supply expansions we can separate a combined house price and 

credit supply effect from these latter, which allows us to investigate the importance of house price 

related effects vs non-house price related effects.  

Based on these theoretical considerations we chose the variables for our empirical investigation. First, 

the notion that households’ living standard expectations increase as incomes rise, justifies the 

inclusion of household sector disposable income in our model. Second, the many channels through 

which residential real estate prices affect household borrowing requires taking them into account. 

Third, the ideas of expenditure cascades and households borrowing to maintain eroding living 

standards due to stagnant or even declining income, calls for the inclusion of an income distribution 

measure. Fourth, the idea that monetary policy was too loose prior to 2007, motivates our inclusion 

of an interest rate. 

3 Data and Method 

3.1 Data 
This section provides a detailed description of the variable definitions and data sources. In order to 

examine the main factors behind the expansion in household sector debt before the financial crisis we 

compiled a macroeconomic database for the United States over the period 1951-2006.  

The empirical literature on the determinants of credit expansion and financial instability has mostly 

relied on bank credit to the private non-financial sector since these data are available over a long time 

period. While, at first sight, this measure seems to be warranted to examine the relevance of 

determinants which are expected to affect the aggregate private sector, some factors such as income 

inequality and property prices are likely to mainly affect household sector borrowing. The choice of 

the credit measure is even more important since evidence not only suggests a gradual shift towards 

more household credit but also shows that non-bank financial institutions have become a more 

important source of credit for the United States (Behringer et al., 2017). 

Recently, a considerable effort has been made to provide long-run series of credit to the household 

sector. For instance, the Bank for International Settlements (BIS) has compiled series of total credit to 

the household sector including non-profit institutions serving households (NPISH). In addition, the 

recently generated Macrohistory Database by Jordà et al. (2017) contains series of total bank loans to 

households, which excludes loans from non-banks and thus the majority of securitized sub-prime 

lending. For the United States, the Flow of Funds section of the Board of Governors of the Federal 

Reserve System also provides long-run series on outstanding liabilities of the household sector based 

on flow of funds (FOF) accounts (which is used for the US data in the BIS database). Figure 1 presents 

the total bank loans to households from the Macrohistory Database and the Flow of Funds based 

measure of total household sector liabilities used in this paper relative to the BIS measure of total 

credit to the household sector (including NPISH). As can be seen from Figure 1, there are substantial 

discrepancies between the series which stems from the importance of non-banks in mortgage lending. 

The credit measure from the Macrohistory Database only represents between 41% (2008) and 81% 

(1977) of household liabilities as presented by the BIS database. In the present article, we therefore 

use total household sector liabilities instead of bank credit only. Our measure of total household sector 

liabilities is defined as the sum of home mortgages (FL153165105.A), consumer credit 



(FL153166000.A) and other loans and advances (FL153169005.A) and is taken from the US flow of 

funds account. We exclude non-profit institutions serving households. Note that student debt is 

classified as consumer credit in the flow of funds statistics. Other loans include government loans, 

overdrafts, loans on life insurance policies and non-mortgage loans from government sponsored 

enterprises.  

Figure 1: US household liabilities – bank loans vs total liabilities 

 

The measures of disposable household income and top income shares are taken from the World 

Inequality Database (WID.world). We make use of the recently developed Distributional National 

Accounts (DINA) by Piketty et al. (2018) which provide annual estimates of the distribution of income 

for the United States using concepts consistent with the macroeconomic national accounts. While 

earlier measures of top-end personal income inequality were based on pre-tax income following the 

methodology outlined in Piketty (2003), the DINA approach also provides the distribution of post-tax 

income. Thus, our measures of economic activity and income inequality are calculated in a consistent 

manner. The income measures are based on net personal disposable income to which Piketty et al. 

(2018) refer as a “cash” measure because it does not include transfers in-kind. In addition, 

contributions towards and benefits from pension plans are handled on a cash-flow basis instead of an 

accrual basis. Note that in the National Income and Product Accounts (NIPA), contributions towards 

pension plans are immediately treated as disposable income of the household sector, even though 

the beneficiaries of these contributions have no or only very limited access to these funds (i.e. 

accounting on an accrual basis). Consistently pension benefit payments are not treated as income 

since they have been recorded already as contributions in the past. By contrast, Piketty et al. (2018) 

count pensions only as income when they are paid out to pensioners but not when they are paid as 

contributions into pension schemes. As pointed out in the literature review, changes in house prices 

might affect consumption and borrowing decisions of households through various channels. Our 

measure for property prices is the US home price index from Shiller (2015) (i.e. the national level 

Shiller/Case repeat sales index). In order to assess the role of the monetary policy stance for household 

borrowing, we use different interest rates from the FRED database which is provided by the Federal 



Reserve Bank of St. Louis. Our time series is a combination of four interest rates on 30-year (Federal 

Housing Administration) mortgages which starts in 1949.  

 

3.2 Autoregressive Distributed Lag Models with Step Indicator Saturation 
Estimating Autoregressive Distributed Lag (ARDL) models while applying step indicator saturation 

(Castle et al., 2015; Hendry and Mizon, 2014; Marczak and Proietti, 2016) provides a simple framework 

to achieve the two goals of the paper: first, to assess the empirical importance of different drivers of 

household indebtedness and second, to assess whether step indicator saturation is a useful tool for 

dealing with structural change in time series regressions. 

Our approach starts from the following ARDL, which we interpret as a debt accumulation function: 

log(𝐷𝑡) = 𝜇 + 𝜔′𝑆𝑔 + ∑ 𝜆𝑖 log(𝐷𝑡−𝑖)

𝑝

𝑖=1

+ ∑ 𝛿𝑗𝑋𝑡−𝑗

𝑚1

𝑗=1

+ ∑ 𝜃𝑗𝑍𝑡−𝑗

𝑚2

𝑗=0

+ 휀𝑡 (1) 

where 𝑡 denotes the time dimension. The dependent variable 𝐷𝑡 is outstanding household sector debt 

in billion US Dollars. 𝑍𝑡  is a vector containing the observations in period 𝑡 of two weakly exogenous 

explanatory variables: the Shiller home price index (log(𝑃𝑃𝑡)) and the top 1% income share (𝑇𝑜𝑝1𝑡). 

𝑋𝑡 is similar vector with observations of two endogenous explanatory variables: household disposable 

income (log(𝑌𝑡)) and interest rates on 30-year mortgages (𝑅𝑖). 𝜇 is an intercept coefficient and 𝑆𝑔 is a 

vector of 
𝑇−1

4
  step indicators, discussed below. 휀𝑡 represents an error term.  

To estimate equation (1) despite the issue of endogenous variables we assume a recursive structure 

in the data generating process of which equation (1) is part of. Assuming 𝑍𝑡  to be weakly exogenous 

and thus to allow for contemporaneous regressors, in a recursive setting, amounts to ruling out any 

contemporaneous effect of household debt on the top 1% income share or the Shiller home price 

index. The first assumption is not particularly restrictive since distributional changes play out over long 

horizons and interest income were not the main factor which explains recent shifts in the US 

distribution of income. The second assumption of no contemporaneous effects of household debt on 

house prices can be justified on theoretical grounds. Several authors argue that property price boom 

bust dynamics emerge from the interaction of fundamentalist and momentum traders, independent 

of funding considerations. (Dieci and Westerhoff 2012, Shiller 2015, Bofinger et al. 2017). Assuming 

𝑋𝑡 to be endogenous, in a recursive structure, means that we assume that household sector 

disposable income and interest rates have no contemporaneous effects on household sector liabilities. 

Instead we assume contemporaneous effects in the other direction. The justification for these 

assumptions is that we assume mortgage lending to adjust slowly do changes in disposable income 

and interest rates because households need time to assess the permanent nature of such changes. On 

the other hand, disposable income will react within the period if increased household spending leads 

to higher growth and thus incomes and similarly, central banks will react within the period to signs of 

an overheating economy. With this set of assumptions, we can estimate equation (1) by OLS. The full 

line of argument is developed in Appendix A. The key limitation of our ARDL model is that we cannot 



assess the full dynamics of the system. Therefore, we will rely on standardized coefficients3 in order 

to discuss the impact effect of shifts the explanatory variables. This will allow us to make statements 

about the short term importance of temporary shifts in our explanatory variables.   

Including the vector of step indicators 𝑆𝑔 in equation (1), allows us to detect mean shifts in our model 

of the marginal probability distribution. Ignoring such mean shifts can severely bias the estimates of 

the remaining coefficients in the model. In the forecasting literature it is a well-established result that 

mean shifts are the most important forms of structural breaks one has to deal with in 

macroeconometrics (Bardsen 2005). Step indicator saturation can be understood as a special case of 

a Markow-switching model which allows model parameters to vary over time. In our case the only 

parameter which can switch is the intercept. As our analysis will show, allowing for such switches is 

an important and powerful tool. While it might seem simplistic and of limited use in detecting 

structural change, step indicator saturation is a compromise between the requirement of simple and 

concise models due to the curse of dimensionality in macroeconometrics and the acknowledgement 

that economic relationships are likely to change over time. 

  The full set of step indicators 𝑆 = {𝑆1951, … , 𝑆2006} is defined such that: 

𝑆𝑦 = {
0 ∀ 𝑡 ≤ 𝑦
1 ∀ 𝑡 > 𝑦

 (2) 

Thus, the step indicator for 1986 (𝑆1986) is equal to 0 for the period 1951-2006 and equal to 1 from 

1987 onwards. In order to be able to estimate equation (1) we follow Castle et al. (2015) and split our 

set of 𝑇 − 1 step indicators into four subsets of equal size. We estimate equation (1) containing the 

first set of step indicators. Then we add the next set of step indicators while removing the first set and 

estimate equation (1) again. This procedure is repeated for the other sets of step indicators. From 

these four regressions we retain those step indicators with a p-value 𝑝 ≤
1

𝑇−1
. This approach ensures 

that we include at most one step indicator wrongly due to type I error, per iteration. Finally, we 

estimate equation (1) including only those step indicators which passed the p-value threshold in the 

previous four steps.  

We rely on recursive estimations to choose an appropriate sample start and to assess the stability of 

the estimated parameters. After selecting the set of step indicators, the model is estimated in a 

backward recursive manner (Juselius 2006: 164). This means starting from the full sample 𝑡𝑏1 =

1, … , 𝑇 in each step one observation at the start of the sample is dropped while the sample end is held 

fixed such that 𝑡𝑏2 = 2, … , 𝑇 until 𝑡𝑏𝑥 = 𝑥, … , 𝑇. The last sample 𝑡𝑏𝑥 is reached when not enough 

observations are available to further reduce the sample and meaningfully estimate the model. In our 

case 𝑡𝑏𝑥 = 𝑡𝑏1980 = 1980, … ,2006. Choosing the sample to end in 2006 is motivated by the research 

question at hand which is to shed light on the accumulation of household sector debt prior to the 

global financial crisis starting in 2007.4 Another approach is forward recursive estimation (Juselius 

2006: 151). Forward recursive estimation starts from a sample 𝑡𝑏1 = 1, … , 𝑡1 to which additional 

                                                           
3 Coefficients are standardized by multiplying the point estimates by the standard deviation of the dependent 
variable and dividing by the standard deviation of the regressor. 
4 We decided that the “pre-crisis” sample ends in 2006 since the downturn of the US housing market already 
begun in 2007. 



observations are added until the full sample length is reached: 𝑡𝑏2 = 1, … , 𝑡2 and 𝑡𝑏3 = 1, … , 𝑡3 until 

𝑡𝑏𝑇 = 1, … , 𝑡𝑇.5   

In applied macroeconometrics it is common practice to use the longest sample period for which data 

are available, implicitly assuming stability of model parameters. In our view, this approach bears the 

risk to draw conclusions based on estimation results of a specific subperiod which cannot necessarily 

be generalized. In contrast, we test the implicit assumption of parameter stability by producing 

backward recursive estimations of the baseline model and chose a sample starting point based on 

these results. Then in a second step forward recursive estimations are performed in order to check 

the stability with respect to the sample end. In order to have a concise graphical representation of the 

estimated coefficients we report graphs for the long run coefficients of the model from equation (1). 

That is for example instead of plotting 𝛿11 and 𝛿12 which are the coefficients for log (𝑌𝑡−1) and 

log (𝑌𝑡−2) we are plotting 
𝛿11+𝛿12

1−𝜆1−𝜆2
 where 𝜆𝑖 are the coefficients for log (𝐷𝑡−𝑖). 

One last word on our methodological approach of estimating a single equation debt accumulation 

function combined with step indicator saturation and recursive estimation as model selection tools: 

We are aware that our approach suffers from important limitations, most importantly that a single 

equation approach is not able to consider the mutual feedback among the economic variables we 

study and thus we cannot identify separate long run relationships among the variables and we cannot 

study how the system adopts to exogenous shocks. However, we think these are not the only 

problems empirical macroeconomics should pay attention to. More specifically, we think that in the 

current applied literature the issue of model and parameter stability is under-appreciated. If we want 

to draw relevant conclusions from an empirical investigation it is important to ensure that the 

uncovered relationships remain stable over the sample period and potentially even into the future. 

Therefore, we think step indicator saturation and recursive estimations are important tools for applied 

macroeconometric research which can be demonstrated in this simpler framework.  

 

  

                                                           
5 Another possibility is to define a window which contains a certain share of observations and to move the 
window over the sample. This procedure compares specifications of equal sample length and is often referred 
to as rolling regression. However, the drawback is that the number of windows is negatively related with the 
window length and thus the subsample size. 



4 US Household Borrowing: 1951-2006 

4.1 Assessing Model Stability: Backward Recursive Estimation 
In this section, we assess the stability of parameter estimates of the main determinants of household 

debt accumulation. Since we are mainly interested in the dynamics of household debt prior to the 

global financial crisis, the end- point of the sample is 2006. We start by estimating Eq. (1) for the period 

1951-2006 and successively eliminate data points from the beginning of the sample (backward 

recursive estimation) until we reach the sample 1980-2006.  

Figure 3 presents the resulting long run coefficients of recursively estimated model. In addition, the 

Figure also shows the long run coefficient of the step indicator for the year 1986. This step indicator 

was included in the baseline specification after the automated search procedure described in the 

previous section.   

Figure 2: Backward Recursive Estimation (1951-2006 up to 1980-2006) 

  

  

 

 
The figure displays the point estimates of the long run 
coefficients together with a two standard deviation 
confidence band (black lines). Detailed statistics are 
reported in Table 1 below. The solid grey lines are 
point estimates and the dashed grey lines are 2 
standard deviation confidence bands of the long run 
coefficients without including the 1986 step indicator 
in the model. 

 



As can be seen from Figure 3, the estimated long run coefficients are statistically significant and exhibit 

a high degree of stability. This applies in particular for specifications based on sample starts after the 

mid-1960s. The range of values  within the two standard deviation confidence band across all 

specifications is the interval (0.928, 0.990) for disposable household income, (0.315, 0.436) for 

house prices, (2.639, 3.280) for the top 1% income share, and (−1.323, −2.099) for the 30-year 

mortgage rate. The average values (highlighted in grey) are 0.96, 0.38, 2.96 and −1.71, respectively. 

The Figure shows that the parameter estimates are stable for different sample starting points which 

can be interpreted as evidence for the reliability of the estimated model. 

Table 1 presents detailed results for the estimated long run (semi)elasticities for every second 

regression, i.e. sample starts from 1951 to 1980. Estimated coefficients are mostly statistically 

significant and have expected signs. The results show that the income elasticity is very close to unity 

and for most specifications not statistically different from 16. Thus, household debt expands 

proportionally to disposable household income, holding other factors constant. This result suggests 

that an economic expansion does not lead to rising debt to income ratios. The unity income elasticity 

also shows that a nominal specification of equation (1) and a specification in real terms are equivalent. 

Thus, our results are not driven by a common inflation trend in household liabilities and disposable 

household income. The long run house price elasticity implies that a 1% increase in real estate prices 

lead to an increase in outstanding household liabilities by about 0.38%. Interestingly, the house price 

elasticity only becomes statistically significant in specifications with sample starts after 1961. The top 

1% income share semi-elasticity is found to be statistically significant for all specifications except for 

the regression starting in 1980. While the estimated long run coefficient exhibits considerable 

variation, the results indicate that rising top-end income inequality leads to an increase in household 

sector debt accumulation. The 30-year mortgage rate exhibits a statistically significant semi-elasticity 

around -1.7 which confirms the notion that higher interest rates are associated with less borrowing. 

Finally, the coefficient of the 1986 step indicator is statistically significant in all specifications. The 

negative coefficient of the 1986 step indicator represents a permanent reduction in household debt 

levels after 1986, holding all other factors constant. We think there are two events that might explain 

the permanent effect on household sector debt accumulation. Firstly, the savings and loans crisis 

might have had a long-lasting negative effect on the appetite of households to take on debt. However, 

it is not entirely clear why such a precautionary motive would not die out eventually. Secondly, the 

Tax Reform Act of 1986 (TRA86) which represented the biggest change of the US federal income tax 

since the Second World War. There is a vast literature which used this tax reform as a natural 

experiment in order to identify the effect of tax policy on the economy (e.g. Auerbach and Slemrod, 

1997). The most relevant change in relation to household debt was that the TRA86 terminated tax 

deductibility of non-mortgage interest payments. This meant that non-mortgage borrowing suddenly 

became much more expensive because an indirect subsidy via the tax code was abolished. While there 

is evidence that households reacted by substituting consumer debt for mortgage debt, it is unlikely 

that households fully substituted consumer loans with mortgages. Maki (2001) for example argues 

that substitution effects reduced the expected tax revenue effects only by half relative to a “no 

                                                           
6 A t-test for the specification with the upper confidence band of 0.99 (sample start 1972) yields a p-value of 
the null hypothesis of a unity long run income elasticity of 3.57%. For most other sample starts this hypothesis 
is not rejected and never rejected at a 1% confidence level. 



substitution” counterfactual. Thus, there is evidence that the step indicator S86 reflects the household 

debt effects of the TRA86.   

In addition, the coefficient estimates exhibit substantial variation for specifications starting in the early 

1960s. The estimated long run income elasticities seem to be higher (around 1.1), the house price 

elasticity seems to be lower (around 0.2) and similar statements hold for the top income share and 

the mortgage rate semi elasticities. Similarly, the coefficient of the 1986 step indicator seems to be 

substantially smaller before 1960. While none of these shifts are statistically significant (i.e. the mid-

point between the minimum and maximum of the confidence bands lies still within the confidence 

bands), we test in the next section whether specifications with sample starts in the 1950s will yield 

qualitatively different results compared to specifications relying on later sample starts.  

 



Table 1: Backward Recursive Estimation (1952-2006 up to 1980-2006) 

specification 1 2 3 4 5 6 7 8 9 10 11 12 

ARDL (2,1) (2,1) (2,1) (2,1) (2,1) (2,1) (2,1) (2,1) (1,1) (1,1) (1,1) (1,1) 

sample start 1951 1952 1955 1958 1961 1964 1967 1970 1973 1976 1979 1980 

adjustment / lagged debt1) 0.29*** 0.29*** 0.31*** 0.28*** 0.37*** 0.61*** 0.70*** 0.74*** 0.66*** 0.75*** 0.71*** 0.72*** 

 0.05 0.05 0.06 0.06 0.07 0.11 0.12 0.13 0.14 0.16 0.19 0.19 
             

log of disposable household income2) 1.09*** 1.09*** 1.09*** 1.08*** 1.03*** 0.95*** 0.93*** 0.92*** 0.91*** 0.93*** 0.93*** 0.94*** 

 0.08 0.08 0.08 0.09 0.07 0.04 0.04 0.04 0.04 0.03 0.04 0.04 
             

log of house price index3) 0.22 0.22 0.20 0.21 0.24** 0.33*** 0.33*** 0.34*** 0.40*** 0.35*** 0.35*** 0.36*** 

 0.14 0.14 0.14 0.15 0.11 0.07 0.06 0.05 0.06 0.05 0.07 0.07 
             

top 1% income share4) 3.30** 3.30** 3.69** 3.85** 3.63*** 3.01*** 3.60*** 3.51*** 2.73*** 2.91** 3.11* 2.91 

 1.51 1.51 1.51 1.67 1.17 0.69 0.61 0.73 0.97 1.11 1.70 1.72 
             

30-year mortgage rate5) -2.24*** -2.24*** -2.01*** -2.08** -1.90*** -1.84*** -1.73*** -1.75*** -1.92*** -1.63*** -1.64*** -1.53*** 

 0.68 0.68 0.69 0.77 0.53 0.31 0.25 0.25 0.31 0.23 0.29 0.34 
             

intercept -2.33*** -2.12*** -1.93*** -1.90*** -1.58*** -1.27*** -1.18*** -1.17*** -1.18*** -1.21*** -1.19*** -1.27*** 

 0.25 0.22 0.21 0.23 0.19 0.13 0.11 0.11 0.16 0.18 0.31 0.34 
             

normality 0.65 0.63 0.53 0.56 0.90 0.95 0.67 0.76 0.95 0.67 0.69 0.68 
AR1 0.62 0.62 0.53 0.23 0.16 0.38 0.07 0.26 0.75 0.99 0.99 0.81 

AR2 0.12 0.12 0.14 0.09 0.05 0.35 0.09 0.43 0.28 0.27 0.44 0.41 

AR3 0.14 0.15 0.20 0.04 0.03 0.34 0.11 0.09 0.09 0.10 0.13 0.16 

SIC -4.78 -4.82 -4.82 -4.86 -5.03 -5.14 -5.25 -5.21 -5.08 -5.45 -5.29 -5.24 

SE of regression 0.015 0.015 0.015 0.015 0.014 0.013 0.012 0.012 0.013 0.011 0.011 0.012 

N 56 55 52 49 46 43 40 37 34 31 28 27 

step indicators S1951 S1954 S1954 S1958 S1958 S1986 S1986 S1986 S1986 S1986 S1986 S1986 

 S1954 S1958 S1958 S1986 S1986        

 S1958 S1986 S1986          

 S1986            

Dependent variable: log(𝐷𝑡). All specifications estimated by OLS. Standard errors below coefficients. 1) Specifications 1 to 8 are estimated as ARDLs with 2 lags of the dependent variable and 

specifications 9 to 12 are estimated as ARDLs with 1 lag of the dependent variable. Adjustment is defined as 1 − log(𝐷𝑡−1) − log(𝐷𝑡−2). 2) The long run coefficient for disposable income is 

defined as (log(𝑌𝑡−1) + log (𝑌𝑡−2))/𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 for all specifications. 3) The long run coefficient for the Shiller house price index is defined as (log(𝑃𝑃𝑡) + log (𝑃𝑃𝑡−1))/𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 for all 

specifications. 4) The long run coefficient for the top 1% income share is defined as (𝑇𝑜𝑝1𝑡 + 𝑇𝑜𝑝1𝑡−1)/𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 for all specifications. 5) The long run coefficient for the 30-year 

mortgage rate is defined as (𝑅𝑡−1 + 𝑅𝑡−2)/𝑎𝑑𝑗𝑢𝑠𝑡𝑚𝑒𝑛𝑡 for all specifications. Normality represents the p-value of the Jarque-Bera test on the residuals, AR1-AR3 are the p-values of the 

Breusch-Godfrey LM test. SIC is the Schwarz Information Criterion. 



4.2 Assessing Model Stability: Forward Recursive Estimation 
In order to provide a further test of parameter stability we estimate three specifications with sample 

starts in 1951, 1964 and 1980. The rationale is that for all three specifications the null of normally 

distributed residuals and the null of first, second and third order autocorrelation cannot be rejected 

even at the 10% level of significance (see Table 1). The specification starting in 1951 is the longest 

sample available and therefore acts as a benchmark representing a naïve sample selection approach 

based on the maximum number of observations. The specification starting in 1964 can be considered 

as a compromise between securing a large number of observations and choosing a starting point such 

that estimated parameters exhibit minimal variation for later starting points. Finally, the specification 

starting in 1980 reduces the probability of structural breaks and parameter instability at the expense 

of a smaller sample.7 Based on these models, we conduct forward recursive estimations, i.e. we re-

estimate model (1) starting from the sample 1951-1987 and going up to 1951-2006. 

 

Figure 3: Forward Recursive Estimation (1951-1987 up to 1951-2006) 

  

  
 

Figure 4 presents results for the specifications based on sample starts in 1951. As can be seen from 

the Figure, the long run income elasticity declines as the sample end point moves closer from 1987 to 

2006. The value towards which it converges eventually is around 1.1 and the case of a unit income 

elasticity is contained in the two standard error confidence bands across all sample ends. The house 

price elasticity is stable around 0.2 but remains statistically insignificant across all specifications. The 

top 1% income share semi-elasticity stabilizes around 3.3 for sample end points of 200 and afterwards. 

                                                           
7 Note that the problems of small samples for time series analyses are not limited to large standard errors on 
coefficient estimates. In addition, the coefficients are biased in finite samples, a problem which is normally 
ignored since the bias declines quickly as the sample size increases (Hendry, 1995: 220, 727). 



The lower limit of the confidence band remains barely above zero across most specifications. Finally, 

the 30-year mortgage rate semi-elasticity converges towards a value of -2 and remains very close to 

that value for all specifications with end points in 1994 and later.  

Figure 5 presents results for the specifications starting in 1964.  The estimated long run income 

elasticity is very close to unity and in the last four regressions stabilizes around 0.95. This confirms 

previous results that the long run income elasticity is not statistically different from unity. The long 

run house price elasticity is very close to 0.32 in all specifications. Standard errors are large, but the 

lower confidence band remains above zero in all except two specifications (1987 and 1989). The top 

1% income share long run semi-elasticity remains firmly around 3 from 1996 onwards and the lower 

confidence band remains above zero in all except the first three specifications. The 30-year mortgage 

rate semi-elasticity remains very close to -1.7 across all specifications. The upper confidence band 

remains below 0 from 1991 onwards. 

Figure 4: Forward Recursive Estimation (1964-1987 up to 1964-2006) 

  

  
 

Figure 6 presents the results for specifications starting in 1980. The long run income elasticity remains 

firmly between 0.95 and unity and is highly statistically significant across all specifications. The two 

standard error confidence band is wider due the smaller sample size. The long run house price 

elasticity exhibits more variation compared to the specifications starting in 1964 (see Figure 5). 

However, the estimated coefficient stays close to a value of 0.35 especially in the last 5 regressions 

(2002-2006) which is when the confidence band moves above zero. The long run top income semi-

elasticity is stable around 2.5 which is lower compared to the value of 3.3 in the specifications starting 

in 1964. The lower confidence bound remains below zero across all specifications. The 30-year 

mortgage rate semi-elasticity is stable around -1.4 and hence is higher compared to 1964 specification 

where it converged towards -1.7.  



Figure 5: Forward Recursive Estimation (1980-1992 up to 1980-2006) 

  

  
 

We draw two conclusions from the assessment of parameter stability with respect to changing sample 

end points. Firstly, the long sample starting in 1951 is less stable than the baseline specification which 

starts in 1964. We interpret this as an important indication for the occurrence of structural changes 

which are not adequately captured by the model starting in 1951 despite the use of step indicators. 

This is not entirely surprising given the simple nature of the step indicator approach and the vast 

changes in the institutional setting over the last decades. Our results demonstrate that the use of the 

longest sample period for which data are available is not necessarily a viable strategy for obtaining 

specifications with stable parameters. Secondly, the parameter values for the specification starting in 

1980 becom more volatile as the sample end is moved towards 2006 compared to the other two 

specifications, they do not exhibit clear trends in a certain direction. 

 

4.3 Relative Importance of Drivers of Household Debt 
Table 2 shows standardized coefficients for the household sector debt accumulation function. 

Coefficients are standardized by multiplying the point estimates for example for the income 

coefficients with the standard deviation of household debt and dividing it by the standard deviation 

of disposable income: [�̂�log(𝑌𝑡−1) + �̂�log(𝑌𝑡−2)]�̂�𝐷/�̂�𝑌. This section allows us to compare the estimated 

coefficients to each other, rather than assessing their stability through time. The assumption is that 

these standardized composite coefficients provide an idea about the size of the impact multiplier 

associated with the variable at hand. 

Disposable household income exhibits the largest coefficients in specifications (2) and (3). We 

interpret this finding to be in line with the unit elasticity we found in the previous section which 

suggests that household liabilities expand in line with disposable income. This finding is expected as 

higher incomes allow to service larger mortgages on the individual level and as far as borrowing leads 



to an increase in effective demand, will also lead to income growth. The standardized coefficient for 

the Shiller house price index is next largest coefficient in all specifications if one leaves the 

standardized coefficients of the lagged dependent variable aside, which represent adjustment 

dynamics. The size of the house price coefficient is especially interesting in comparison to the 

standardized coefficient for the Top 1% share and the 30-year mortgage rate. It seems that real estate 

price dynamics are a far more important factor in this dynamic system. There is some caution required 

with the interpretation of these standardized coefficients as we do not separately identify any 

potentially present multi-dimensional cointegrating relationships.  

 

Table 2: Standardized Coefficients for Main Specifications 

 (1) (2) (3) 

sample start 1951 1964 1980 

sample end 2006 2006 2006 

step indicators 

included:  
yes no yes no yes no 

log of household sector debt1) 0.70 0.95 0.39 0.43 0.28 0.40 

log of disposable household income2) 0.25 0.04 0.46 0.43 0.49 0.40 

log of Shiller house price index3) 0.04 0.02 0.13 0.10 0.16 0.12 

Top 1% income share4) 0.015 0.003 0.037 0.044 0.062 0.071 

30-year mortgage interest rate5) -0.013 -0.002 -0.027 -0.016 -0.051 -0.020 

Standardized coefficients from estimating equation (1). 1) Specifications (1) and (2) are estimated with 2 lags of the 

dependent variable and specifications (3) is estimated with 1 lag of the dependent variable. The standardized coefficient is 

defined as log(𝐷𝑡−1) + log(𝐷𝑡−2). 2) The standardized coefficient is defined as log(𝑌𝑡−1) �̂�𝐷/�̂�𝑌 + log (𝑌𝑡−2)�̂�𝐷/�̂�𝑌 for all 

specifications. 3) The long run coefficient for the Shiller house price index is defined as log(𝑃𝑃𝑡) �̂�𝐷/�̂�𝑃𝑃 +

log (𝑃𝑃𝑡−1)�̂�𝐷/�̂�𝑃𝑃 for all specifications. 4) The long run coefficient for the top 1% income share is defined as 

𝑇𝑜𝑝1𝑡�̂�𝐷/�̂�𝑇𝑜𝑝1 + 𝑇𝑜𝑝1𝑡−1�̂�𝐷/�̂�𝑇𝑜𝑝1 for all specifications. 5) The long run coefficient for the 30-year mortgage rate is 

defined as 𝑅𝑡−1�̂�𝐷/�̂�𝑅 + 𝑅𝑡−2�̂�𝐷/�̂�𝑅 for all specifications.  

 

Finally, Table 2 demonstrates again the importance of step indicators. Comparing the estimates 

obtained when using them with the estimates from specifications without using step indicators, shows 

that the differences are substantial, especially in the longest sample period, represented by 

specification (1).  This emphasizes again the importance of checking and testing parameter stability 

over the sample period and potentially choosing a more suited shorter subsample, rather than 

automatically opting for the longest sample period available. 

  



5 Conclusion 
The results we presented in the previous sections, make us sceptical about consumption-based 

borrowing interpretations of household sector debt accumulation in general and the 2007 crisis in 

particular. The data clearly shows that property prices are the most relevant predictor of household 

sector liabilities. While this finding does not rule out real estate secured borrowing we are not 

convinced of such an interpretation. The reason is that it is not consistent with available micro data. 

The Survey of Consumer Finances for example asks households about their outstanding real estate 

secured liabilities. In addition, it also asks how these liabilities were used, whether it was for 

consumption purposes or to buy or improve a property. Figure 7 presents the aggregate answers to 

these questions.  

Figure 6: Household Sector Borrowing Behaviour (Survey of Consumer Finances) 

  

  
Source: Authors’ calculations based on SCF waves 1989-2013. 

The upper row presents the proportion of total reported liabilities which is secured by real estate and 

instalment loans which are mainly auto-loans and are the largest type of non-mortgage loans ahead 

of credit card balances. The top left panel suggests that in the immediate run-up to the 2007/2008 

crisis the proportion of real estate secured debt increased from 79% in 1998 to 85% in 2007. However, 

the left panel in the lower row shows that over the same time the proportion of liabilities used for 

home purchases and improvements also rose from 78% of total liabilities in 1998 to 82% in 2007. This 

means a growing proportion of real estate secured debt was used for consumption purposes. In 1998 

this amounted to $90 billion and increased to $341 billion in 2007 and thus an increase of $251 billion 

(all figures in 2013 Dollars). However, over the same time total household sector liabilities reported in 

the SCF rose from $6,886 billion to $12,656 billion which is by $5,770 billion. Our claim that borrowing 

consumption-based borrowing was not central to the accumulation of household debt between 1998 



and 2007 is supported further by the declining share of instalment loans and the proportion of loans 

used for consumption purposes, according to the Survey of Consumer Finances. 

The empirical evidence is very clear: To predict outstanding household sector liabilities house prices 

(together with disposable income) are by far the two most important factors. While this might sound 

obvious to some readers we think it is an important contribution which too often is forgotten in 

theoretical macroeconomic modelling. What it means is that if one wants to meaningfully incorporate 

private and especially household sector liabilities into a macroeconomic model, one needs to link this 

stock of liabilities to the housing market. Overall: assuming that household liabilities are driven by 

consumption decisions is inconsistent with the available data. 
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Appendix A: Estimating a single equation from a recursive VAR 
We will motivate our empirical approach based on a three-variable example. While our actual model 

is a five-dimensional system, our main argument can be demonstrated with this smaller system which 

allows for more concise expressions. Let’s start with a system in three variables, {𝑥1, 𝑥2 and 𝑥3} in 

VECM form, including contemporaneous interactions, abstracting from deterministic components and 

including one lag: 

𝐵∆𝑥𝑡 = Π𝑥𝑡−1 + 𝜖𝑡 (A1) 

where 𝑥𝑡
′ = [𝑥1,𝑡, 𝑥2,𝑡, 𝑥3,𝑡], 𝜖𝑡

′ = [𝜖1,𝑡, 𝜖2,𝑡, 𝜖3,𝑡] and Π is a 3×3 matrix with elements Π𝑟𝑐 and 𝑟 and 

𝑐 indicating rows and columns of that matrix and 𝐵 is a 3×3 contemporaneous coefficients matrix. 

The coefficient matrix Π can be decomposed into Π = α𝛽′ where α is a 3 × 𝑟 matrix of adjustment 

coefficients and 𝛽 is a 3 × 𝑟 matrix of long run coefficients and 𝑟 is the cointegration rank of the 

system. Then it can be shown that 𝑟𝑎𝑛𝑘(Π) = 𝑟. Let’s assume 𝑟 = 2 and a recursive 

contemporaneous structure for 𝐵 where 𝑥1,𝑡 is not influenced contemporaneously by 𝑥2,𝑡 or 𝑥3,𝑡, 

variable 𝑥2,𝑡 is contemporaneously affected by 𝑥1,𝑡 but not by 𝑥3,𝑡 and 𝑥3,𝑡 is contemporaneously 

affected by both variables: 

𝐵 = [

1 0 0
𝑏21 1 0
𝑏31 𝑏32 1

]    and thus 𝐵−1 = [

1 0 0
−𝑏21 1 0

−𝑏31 + 𝑏21𝑏32 −𝑏32 1
] (A2) 

And the following normalization for 𝛽: 

𝛽 = [

1 𝛽12

𝛽21 1
𝛽31 𝛽32

]    (A3) 

Then the second equation of the system can be expressed as: 

Δ𝑥2,𝑡 + 𝑏21Δ𝑥1,𝑡 = 

(𝛼22 + 𝛼21𝛽21)𝑥2,𝑡−1 + (𝛼21 + 𝛼22𝛽12)𝑥1,𝑡−1 + (𝛼21𝛽31 + 𝛼22𝛽32)𝑥3,𝑡−1 + 𝜖𝑡 
(A4) 

Δ𝑥2,𝑡 = −𝑏21Δ𝑥1,𝑡 + 𝛼𝐶(𝑥2,𝑡−1 + 𝛽1
𝐶𝑥1,𝑡−1 + 𝛽3

𝐶𝑥3,𝑡−1) + 𝜖𝑡 (A5) 

where 𝛼𝐶 = (𝛼22 + 𝛼21𝛽21) and 𝛽1
𝐶 =

𝛼21+𝛼22𝛽12

𝛼22+𝛼21𝛽21
 and 𝛽3

𝐶 =
𝛼21𝛽31+𝛼22𝛽32

𝛼22+𝛼21𝛽21
. 

So, with two cointegrating relationships, estimating the equation (A4) and reparametrizing it into 

equation (A5) can be done by OLS but the coefficients which are obtained from such a regression will 

be the composite coefficients {𝛼𝐶 , 𝛽1
𝐶 , 𝛽3

𝐶}. Interpreting these composite coefficients in relation to the 

long run coefficients of the two cointegrating relationships will not be possible.  

Equivalently the system could be estimated in levels, starting from: 

𝐵𝑥𝑡 = Π1𝑥𝑡−1 + 𝜖𝑡 (A6) 

where Π1 = Π + B. From this expression the second equation of the system can be written as: 



𝑥2,𝑡 + 𝑏21𝑥1,𝑡 = 

(1 + 𝛼22 + 𝛼22𝛽21)𝑥2,𝑡−1 + (𝑏21 + 𝛼21 + 𝛼22𝛽12)𝑥1,𝑡−1 + (𝛼21𝛽31 + 𝛼22𝛽32)𝑥3,𝑡−1 + 𝜖𝑡 
(A7) 

From this it becomes clear that (A7) and (A5) are equivalent with a one-to-one relation between their 

composite coefficients. Based on this example we will use the composite coefficients {𝛼𝐶 , 𝛽1
𝐶 , 𝛽3

𝐶} as 

a simple way of summarising the underlying coefficients of the full system without having to identify 

them. This allows us to conduct parameter stability analysis since instability in any of the structural 

parameters contained in {𝛼, 𝛽, 𝐵} will show in the composite parameters unless instabilities between 

some structural parameters exactly offset each other. Furthermore, comparing standardized 

coefficients based on composite parameters give some idea about their size in the cointegrating 

relationships present. These standardized coefficients need to be interpreted with caution though 

since composite parameters can appear small due to offsetting signs and magnitudes in the underlying 

coefficients. 

Taken together this example motivates our framework as a simple tool to investigate the stability of 

key parameters of the full underlying system without requiring identifying the full system and its long 

run structure. In addition, our approach allows us to obtain a first idea about the relative importance 

of different system components by comparing the standardized composite coefficients. Below follows 

a simulation exercise which demonstrates the feasibility of the estimation procedure. 

  



Appendix B: Simulation 
We want to simulate the following system (A6) as defined in Appendix A: 

𝐵𝑥𝑡 = Π1𝑥𝑡−1 + 𝜖𝑡 (A6) 

In order for that system to exhibit two cointegrating relationships the following conditions need to be 

satisfied: 

1. 𝑟𝑎𝑛𝑘(Π) = 𝑟𝑎𝑛𝑘(𝛼𝛽′) = 𝑟 = 2 

2. The number of unit roots in the system is 3 − 𝑟 = 1. Thus, the matrix 𝐵−1Π1 has to have at 

most 1 unit root with the remaining two roots being smaller than 1. 

Condition 2 corresponds to the eigenvalue problem (𝐵−1Π1 − 𝜆𝐼)𝜈 = 0 with the eigenvalues 𝜆 =

(𝜆1, 𝜆2, 𝜆3) and eigenvectors 𝜈 = (𝜈1, 𝜈2, 𝜈3). Solving this eigenvalue problem for the following 

parameters: 

𝐵 = [
1 0 0

0.4 1 0
0.6 −0.3 1

]   α = [
0.2 −0.3

−0.4 −0.7
0.8 −0.8

]    and 𝛽 = [
1 −0.3

0.5 1
−0.4 0.81

] (B1) 

we obtain the following eigenvalues and the following (normalised) eigenvector belonging to the first 

eigenvalue:  

𝜆 = (1, 0.7773, −0.1648)   𝜈1 = (0.25, −0.4, 1) (B2) 

Since the rank condition holds by construction, given the matrices α and 𝛽, and we obtain a single unit 

root in this three-dimensional system, this means the chosen parameterisation can be used to 

simulate the system. Figure B1 below shows a random sequence for 𝑥𝑡
′ = [𝑥1,𝑡, 𝑥2,𝑡 , 𝑥3,𝑡] where  

𝜖𝑡~𝐼𝑁(0, 0.5): 

Figure B1: Cointegrated three-dimensional system 

 



Using this series to estimate equation (A5): 

Δ𝑥2,𝑡 = −𝑏21Δ𝑥1,𝑡 + 𝛼𝐶(𝑥2,𝑡−1 + 𝛽1
𝐶𝑥1,𝑡−1 + 𝛽3

𝐶𝑥3,𝑡−1) + 𝜖𝑡 (A5) 

we obtain: 

Table 3: Estimated coefficients 

coefficient estimate standard error 

−𝑏21 -0.426 0.031 

𝛼𝐶  -0.915 0.021 

𝛽1
𝐶 -0.195 0.016 

𝛽3
𝐶 -0.413 0.017 

 

These estimates compare with the theoretical values as follows:  

Π = αβ′ = [
0.29 −0.2 −0.323

−0.19 −0.9 −0.407
1.04 −0.4 −0.968

] (B3) 

where the second row of Π corresponds to the estimated coefficients together with 𝑏21 = 0.4 which 

demonstrates that the composite parameters in equation (A5) can be estimated by OLS.  

One additional piece of information is estimated reliably from this single equation approach and that 

is the standardized relation between the variables in the steady state which is contained in the 

normalized eigenvector belonging to the unit root: 

𝜆 = (1, 0.7773, −0.1648)   𝜈1 = (0.7, −0.6, 1) (B2) 

 These entries in the eigenvector represent the long run ratios between the variables: 

Table 5: Long run ratios 

ratio 𝜈1 ratio of averages 

𝑥1/𝑥3 0.7 0.70203 

𝑥2/𝑥3 -0.6 -0.60055 

 

  



Appendix C: The role of inflation 
It is important to note that equation (1) is estimated in nominal terms. There are three reasons why 

we chose this approach. First, households must repay and service their liabilities out of their nominal 

income. From a financial stability perspective, it is nominal liabilities or nominal debt service payments 

in relation to nominal income which provide information about the likelihood of defaults and the 

vulnerability of the aggregate household sector balance sheet. Another way of saying this is that 

households do not borrow in real terms. A loan contract is not specified in units of consumer goods 

and thus creating a measure of real liabilities does not reflect household behaviour. Second, the choice 

of the appropriate deflator is non-trivial. While consumption expenditures are primarily financed out 

of disposable household income and thus the consumer price index or the aggregate consumption 

deflator could be a valid choice for disposable household income, liabilities are primarily used to 

finance real estate purchases. However, the interpretation of the estimation results becomes very 

difficult if disposable household income and liabilities are deflated differently. Finally, specifications 

where all data series were CPI-deflated resulted in persistent serial correlation problems and highly 

instable parameters. 

By choosing a purely nominal specification we are implicitly assuming that inflation is not an important 

factor which influences the borrowing decisions of the household sector. We interpret this as a 

simplifying assumption which allows us to keep the model concise. In order to test this assumption, 

we include the CPI as an additional variable in equation (1) and re-estimate the model. This approach 

is a direct test for the relevance of the CPI in our household sector debt accumulation specification.  

Table 5 presents the results. As can be seen from the Table, the CPI exhibits a statistically significant 

long run coefficient in the specifications up the sample start in 1966. This result also applies to our 

preferred specification starting in 1964. The results remain broadly unchanged compared to the 

specification without the CPI. Thus, we conclude that the results are not sensitive to the inclusion of 

the CPI.  



Table 4: Backward Recursive Estimation (1952-2006 up to 1980-2006); CPI augmented specification 
specification 1 2 3 4 5 6 7 8 9 10 11 12 13 14 15 

ARDL (2,1) (2,1) (2,1) (2,1) (2,1) (2,1) (2,1) (2,1) (2,1) (2,1) (1,1) (1,1) (1,1) (1,1) (1,1) 

sample start 1952 1954 1956 1958 1960 1962 1964 1966 1968 1970 1972 1974 1976 1978 1980 

adjustment 0.41*** 0.40*** 0.35*** 0.37*** 0.39*** 0.61*** 0.70*** 0.74*** 0.75*** 0.76*** 0.65*** 0.76*** 0.78*** 0.72*** 0.69*** 

 0.06 0.07 0.08 0.08 0.09 0.10 0.10 0.11 0.11 0.11 0.15 0.15 0.17 0.18 0.17 
                

LOG(YD_N) 1.34*** 1.35*** 1.32*** 1.34*** 1.34*** 1.21*** 1.12*** 1.11*** 0.94*** 1.06*** 0.97*** 1.04*** 1.04*** 1.14*** 1.51*** 

 0.09 0.10 0.12 0.11 0.11 0.07 0.07 0.09 0.11 0.12 0.22 0.18 0.18 0.21 0.31 
                

LOG(HP_N) 0.34*** 0.36*** 0.39*** 0.34*** 0.34*** 0.36*** 0.39*** 0.38*** 0.40*** 0.42*** 0.48*** 0.42*** 0.38*** 0.36*** 0.31*** 

 0.10 0.11 0.13 0.12 0.12 0.06 0.06 0.05 0.05 0.05 0.07 0.06 0.07 0.08 0.08 
                

TOP1 1.59 1.29 0.97 1.46 1.50 1.89** 1.82** 1.89** 2.54*** 1.52* 1.28 1.09 1.96 2.44 3.21* 

 1.27 1.50 1.72 1.63 1.61 0.83 0.70 0.68 0.66 0.83 1.40 1.09 1.30 1.48 1.63 
                

R30_N -1.22** -1.23* -1.47* -1.26* -1.25* -1.22*** -1.41*** -1.40*** -1.83*** -1.63*** -1.98*** -1.61*** -1.47*** -1.46** -1.72*** 

 0.60 0.63 0.76 0.71 0.70 0.36 0.33 0.35 0.37 0.36 0.60 0.49 0.48 0.52 0.55 
                

C -2.10*** -2.09*** -1.90*** -1.92*** -1.79*** -1.56*** -1.40*** -1.38*** -1.07*** -1.32*** -1.16** -1.47*** -1.38*** -1.26*** -0.72 

 0.15 0.16 0.19 0.18 0.19 0.12 0.13 0.16 0.19 0.22 0.45 0.38 0.37 0.42 0.57 
                

S1986 -0.09** -0.09** -0.10** -0.09** -0.09** -0.05** -0.05*** -0.04*** -0.05*** -0.05*** -0.07*** -0.05*** -0.05*** -0.05** -0.06** 

 0.04 0.04 0.05 0.04 0.04 0.02 0.02 0.02 0.02 0.02 0.03 0.02 0.02 0.02 0.02 
                

LOG(CPI) -0.52*** -0.54*** -0.51*** -0.52*** -0.52*** -0.38*** -0.29*** -0.28** -0.06 -0.22 -0.14 -0.15 -0.15 -0.34 -1.02* 

 0.14 0.15 0.18 0.17 0.17 0.09 0.09 0.11 0.13 0.15 0.27 0.22 0.22 0.27 0.50 
                
normality 0.39 0.43 0.43 0.36 0.33 0.80 0.97 0.90 0.75 0.74 0.58 0.66 0.80 0.91 0.67 

AR1 0.89 0.89 0.64 0.51 0.45 0.09 0.10 0.20 0.01 0.06 0.14 0.85 0.59 0.57 0.46 

AR2 0.35 0.38 0.18 0.51 0.34 0.07 0.11 0.23 0.02 0.16 0.26 0.65 0.35 0.52 0.31 

AR3 0.54 0.53 0.16 0.47 0.29 0.13 0.21 0.31 0.05 0.28 0.04 0.21 0.09 0.11 0.02 
                SE of regression 0.013 0.014 0.014 0.014 0.014 0.011 0.011 0.011 0.010 0.010 0.012 0.011 0.011 0.011 0.010 

N 55 53 51 49 47 45 43 41 39 37 35 33 31 29 27 

step indicators S1954 S1954 S1958 S1958 S1986 S1986 S1986 S1986 S1986 S1986 S1986 S1986 S1986 S1986 S1986 

 S1958 S1958 S1986 S1986            

 S1986 S1986              

 


