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Abstract

We assess the importance of residential investment in predicting economic recessions
for an unbalanced panel of 12 OECD countries over the period 1960Q1–2014Q4.
Our approach is to estimate various probit models with different leading indicators
and evaluate their relative prediction accuracy using the area under the receiver op-
erating characteristic curve as our metric of forecasting performance. We document
that residential investment contains information useful in predicting recessions both
in-sample and out-of-sample. This result is robust to adding typical leading indi-
cators, such as the term spread, stock prices, consumer confidence surveys and oil
prices. It is shown that residential investment is particularly useful in predicting
recessions for countries with high home-ownership rates. Finally, in a separate ex-
ercise for the US, we show that the predictive ability of residential investment is –
in a broad sense – robust to employing real-time data.
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1 Introduction

Economic policy decisions depend on whether the economy is in an expansion or a re-

cession. Accurate predictions of business cycle turning points, and impending economic

recessions in particular, are therefore of great importance to central banks and other

policy institutions. A vast amount of research has shown that a variety of economic and

financial variables contain predictive information about future recessions, see e.g. Mar-

cellino (2006) and Liu and Moench (2016). In particular, Estrella and Hardouvelis (1991)

and Estrella and Mishkin (1998) have documented that the slope of the term structure

has strong predictive power for US recessions.1 Several other variables have also been

regarded as leading recession indicators, including stock prices (Estrella and Mishkin

(1998) and Stock and Watson (2003)), the index of leading economic indicators (Berge

and Jordà (2011) and Stock and Watson (1989)), oil prices (Hamilton (1983, 1996) and

Ravazzolo and Rothman (2013, 2016)) and survey data (Hansson et al. (2005), Claveria

et al. (2007) and Aastveit et al. (2016)).2

While the Great Recession has triggered a new search for methods and leading in-

dicators that may be useful for calling recessions in real time, it has also highlighted

the importance of understanding the linkages between the housing market, macroeco-

nomic activity and financial stability, see e.g. Iacoviello and Neri (2010), Claessens et al.

(2012), Mian et al. (2013), Mian and Sufi (2014), Jordà et al. (2015), Leamer (2007,

2015) and Kydland et al. (2016). More specifically, Leamer (2007) argues that real estate

markets were grossly understudied by macroeconomists and policymakers interested in

understanding business cycle dynamics. Considering the cumulative detrended contribu-

tion of each aggregate demand component to GDP growth before, during and after US

recessions, he documents that residential investment offers by far the best early warning

indicator of oncoming recessions. He concludes that a fall in the contribution of residen-

1Interestingly, Rudebusch and Williams (2009) also document that the term spread consistently out-
performs professional forecasters in predicting recessions.

2As highlighted by, e.g., Evans (2005), Giannone et al. (2008), and Aastveit et al. (2014), an advantage
of surveys and financial market data is that they are timely available, with few revisions.
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tial investment to GDP growth is a reliable harbinger of a future recession.3 Despite this

focus, studies that use housing-related variables to forecast recessions are scarce. In this

paper, we aim to fill this gap in the literature.

We evaluate both the in- and out-of-sample performance of residential investment

growth in predicting economic recessions for a panel of 12 OECD countries over the period

1960Q1–2014Q4. Our main question is whether residential investment contains predictive

information about future recessions over and above other typical leading indicators, such

as the term spread, stock prices, consumer confidence surveys and oil prices. For the US,

we use the business cycle dating chronology provided by the National Bureau of Economic

Research (NBER) to date business cycle turning points. For the other countries, we use

the business cycle chronology provided by the Economic Cycle Research Institute (ECRI).

These recession indicators are binary variables, and we follow custom (see e.g. Estrella

and Hardouvelis (1991) and Liu and Moench (2016)) and estimate non-linear probit

models to map the changes in predictor variables into recession forecasts.4

When assessing the accuracy of a given probit model in predicting recessions, we

follow Berge and Jordà (2011) and Liu and Moench (2016) and calculate the receiver

operating characteristic (ROC) curve. To summarize the forecast performance implied

by each ROC curve, we integrate the area under the curve (AUROC).

Recession predictability is evaluated both in-sample and in a quasi real-time out-

sample forecasting exercise, where we recursively predict recessions for the 1990Q1-

2014Q4 sample. In a final exercise, we assess the importance of data revisions for recession

predictability, using real-time data for the US obtained from the ALFRED (ArchivaL Fed-

eral Reserve Economic Data) database maintained by the Federal Reserve Bank of St.

Louis.

3Ghent and Owyang (2010), however, do not find similar results when studying the relationship
between housing and business cycles using data for US metro areas. They find no consistent evidence
that housing-related variables influence the city’s business cycle. Instead they suggest the possibility
that housing is merely a proxy for other consumption or wealth indicators.

4Two alternative parametric approaches that allow for recession forecasts are the threshold autore-
gressive model, see e.g. Potter (1995), Tommaso (1998), Ferrara and Guégan (2005), and Billio et al.
(2013), and the Markov-switching model, see e.g. Hamilton (1989), Chauvet (1998) and Chauvet and
Piger (2008).
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We have three main findings. First, residential investment is useful in predicting

recessions, both in-sample and out-of-sample. This holds true also when we include

the term spread, stock prices, consumer confidence surveys and oil prices. In all cases,

AUROC increases significantly when residential investment is added to the model. This

result holds irrespective of forecasting horizon (h = 1, . . . , 6) and whether we estimate

models for each country separately or together as a panel. Our results are robust to

excluding the Great Recession from the forecasting evaluation period.

Second, we find that residential investment improves predictability the most for coun-

tries with high home-ownership rates. For instance, we find substantial forecast improve-

ments by including residential investment as a recession predictor for Spain, Norway and

the US – all of which have a high home-ownership rate. For countries with low home-

ownership rates, such as Japan and South Korea, residential investment does not contain

predictive information about future recessions above other leading indicators.

Third, the real-time data exercise shows that the predictive ability of residential in-

vestment is – in a broad sense – robust to data revisions. However, as expected, the

forecast accuracy is somewhat lower when we account for data revisions relative to the

case where real-time data is not considered. Thus, with even more accurate data on

residential construction activity, e.g. the number of cranes at work at each point in time,

real-time recession forecasts could be improved even further.

Our paper contributes to the literature that estimate and predict business cycle turn-

ing points (see e.g., Anas et al. (2008), Darné and Ferrara (2011) and Billio et al. (2012)

for applications to the euro area, Chauvet (1998), Chauvet and Piger (2008), Harding

and Pagan (2002, 2006), Hamilton (2011) and Stock and Watson (2014) for applica-

tions to the US) by documenting that residential investment contains information over

and above other typical leading indicators. We therefore corroborate and extend the

findings in Leamer (2007, 2015) by showing that residential investment is important for

predicting recessions also in a cross-country setting – especially in countries with a high

home-ownership rate.
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The rest of the paper is structured as follows. Section 2 discusses the empirical

methodology used to predict recession probabilities and evaluate the classification of

future recessions. Section 3 provides a description of the international panel data and the

US real-time data used in our analysis. Section 4 presents results from the panel data

exercise and the real-time analysis on US data. The final section concludes the paper.

2 Empirical methodology

2.1 A probit approach for predicting recessions

The state of the business cycle is a binary variable, taking the value one during recessions

and zero otherwise. Since our dependent variable is binary, we follow custom in the

literature on predicting recessions, see e.g., Estrella and Hardouvelis (1991) and Liu and

Moench (2016), and estimate a probit model to predict the probability of a recession.

Our probit model can be written as:

yi,t =


1 if there is a recession in quarter t

0 if there is not a recession in quarter t

(1)

E(yt|y∗t ) = P (yt|y∗t ) = f(y∗t ) (2)

y∗i,t = αi +
k∑
j=1

Xi,t−j βj +
k∑
j=1

γjIPt−j + εi,t (3)

where f(y∗) is the cdf of the normal distribution, and X is a vector of explanatory

variables used to forecast recession probabilities. IP is the industrial production index

for advanced economies, used as a proxy for the global business cycle, whereas αi is a

country-specific intercept. We set the lag length, k, to 4 in all estimations.

We consider three different ways of estimating the model. First, we estimate the model
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using all available data, referred to as the full-sample estimate. Second, we estimate the

model recursively using at each point in time only observations that are available at that

particular point in time. This exercise is conducted using the final data vintage. Lastly,

we estimate the model recursively using real-time vintage data for each period. Using

real-time data, we get a recession probability estimate that is based on data that were

available at the forecast origin. Due to lack of data availability, the real-time estimation

is only done for the US.

2.2 Forecast evaluation

For a given model, m, a recession signal is issued whenever the estimated probability of

a recession from that model, p̂m, exceeds some threshold level, τ . There are two types

of errors that can be made: the model fails to predict a recession (Type I error), or the

model issues a false recession signal (Type II error).

Let the true positive rate (TPRm(τ)) denote the share of all recessions in which a

correct signal is issued, i.e. one minus the share of Type I errors. Further, let the

false positive rate (FPRm(τ)) be the fraction of all non-recession events in which a

false signal is issued (the share of Type II errors). Lowering the value of the threshold

parameter will in general imply that the model issues more signals. While this increases

the share of correctly predicted recessions, it comes at the cost of issuing more false alarms.

The opposite is true if the value of the threshold parameter is increased.5 Determining

the optimal threshold requires knowledge of the policymaker’s preferences regarding the

trade-off between Type I and Type II errors, which depends (among other things) on the

relative cost of the different outcomes, as well as the frequency at which recessions occur.

One way of formalizing this trade-off is by formulating a loss function. For model m, a

5Thus, TPR
τ→0

(τ) = FPR
τ→0

(τ) = 1 and that TPR
τ→1

(τ) = FPR
τ→1

(τ) = 0. A perfect model never issues any

false signals (FPR = 0), while it always correctly predicts all recession episodes (TPR = 1). For any
τ ∈ (0, 1), an informative model should deliver a TPR(τ) > FPR(τ).
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linear loss function could take the following form (see e.g. Sarlin (2013)):

Lm(θ, τ) = θp(1− TPRm(τ)) + (1− θ)(1− p)FPRm(τ) (4)

where p is the unconditional probability of a recession, or the frequency of recessions in

the sample under consideration, whereas θ is the relative weight that the policymaker

attaches to missing a recession.

A complementary tool that has been used to compare the classification abilities of

early warning models is the Receiver Operating Characteristic (ROC), which plots the

full mapping of the false positive rate, FPRm(τ), and the true positive rate, TPRm(τ) =

TPRm(FPRm(τ)), across different values of the threshold parameter τ (see e.g. Jordà

and Taylor (2011), Berge and Jordà (2011), Jordà and Taylor (2012) and Anundsen et al.

(2016) for further details). To assess the recession classification abilities of various leading

indicators, we follow Berge and Jordà (2011) and Liu and Moench (2016) and calculate

the Area Under Receiver Operating Characteristic (AUROC), which takes into account

every point on the ROC curve. More formally, the AUROC is defined as:

AUROCm =

∫ 1

τ=0

TPRm(FPRm(τ))FPR′m(τ)dτ (5)

The advantage of AUROC is that it is independent of the policymaker’s preferences and it

covers all possible preference parameters (see Elliott and Lieli (2013)). When comparing

the performance of model m relative to model c, model m is preferred to model c if

AUROCm > AUROCc, i.e. model m has a higher TPR for a given FPR than model c

on average.6

As shown in DeLong et al. (1988), a numerical estimate of AUROC for model m can

be achieved by considering a discrete time version of (5):

6A perfect model has AUROC = 1, while a completely uninformative model has AUROC = 0.5.
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AUROCm =
1

qr

r∑
j=1

q∑
i=1

ψ(p̂Rec.
m,i , p̂

No rec.
m,j ) (6)

where p̂Rec.
m are the q implied probabilities of a recession from model m in recessionary

states, whereas p̂No rec.
m denotes the r implied probabilities of a recession from the same

model in non-recessionary states. The kernel, ψ, is given as:

ψ(p̂Rec.
m , p̂No rec.

m ) =


1 if p̂No rec.

m < p̂Rec.
m

1
2

if p̂No rec.
m = p̂Rec.

m

0 if p̂No rec.
m > p̂Rec.

m

(7)

DeLong et al. (1988) suggest the following Wald-type test statistic to compare AUROC

values from model m to model c (see Berge and Jordà (2011) and Anundsen et al. (2016)

for economic applications):

WAUROC =
AUROCm − AUROCc

se (AUROCm − AUROCc)

WAUROC follows a standard normal distribution under the null hypothesis of no difference

and variances and covariances can be calculated as shown in DeLong et al. (1988).7 Thus,

when formally testing whether model m is preferred to model c, we compare WAUROC

to the relevant critical value from a standard normal distribution. We report results for

two-sided tests.

3 Data

3.1 International data

We use quarterly data for 12 OECD countries; Australia, Canada, France, Italy, Japan,

South Korea, New Zealand, Norway, Spain, Sweden, the UK and the US. For each country

7See Section A in the supplementary Appendix for an explanation of how the covariance matrix is
calculated.

8



the dependent variable is a binary recession indicator, which takes the value one during

recessions and zero otherwise. For the US, we use the business cycle dating chronology

provided by the National Bureau of Economic Research (NBER) to date business cycle

turning points. For the other countries, we use the business cycle chronology provided by

the Economic Cycle Research Institute (ECRI).8 However, since ECRI does not provide

a business cycle chronology for Norway, we use the business cycle turning point dates

from Aastveit et al. (2016) as the reference cycle for Norway.

We have an unbalanced panel, which at most covers the period 1960Q1 to 2014Q4,

see Table B.1 in section B in the supplementary Appendix for details on data coverage

for each country and each variable. For each of the countries, we consider residential

investment, the term spread, stock prices, consumer confidence survey, oil price and

industrial production index for advanced economies as explanatory variables.9 The data

on residential investment and the series for industrial production for advanced economies

are taken from the OECD Economic Outlook. Most other series are collected from the

Global Financial Database (GFD).10 The exceptions are the interest rate series for South

Korea and the stock price series for Canada and France, which are taken from the GVAR

database.11 The West Texas Intermediate (WTI) oil price is provided by the Federal

Reserve Economic Data (FRED), maintained by the Federal Reserve Bank of St. Louis.

3.2 US real time data

Accounting for data revisions may be relevant when assessing the importance of various

leading indicators for out-of-sample predictability of economic recessions. Unfortunately,

a real-time database for the variables we use for the 12 countries in the panel data set

does not exist. However, in order to shed some light on the importance of real-time

8See https://www.businesscycle.com/ecri-business-cycles for more details about the business
cycle dates provided by ECRI.

9We calculate the term spread as the difference between the 10-year and 3-month government bond
(treasury) yield. For the consumer confidence survey we use the quarterly difference, while for all the
other predictors we transform the series using quarterly log differences.

10https://www.globalfinancialdata.com/
11https://sites.google.com/site/gvarmodelling/data
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data for out-of-sample predictability of economic recessions, we use real-time data for the

US obtained from the ALFRED (ArchivaL Federal Reserve Economic Data) database

maintained by the Federal Reserve Bank of St. Louis. This database consists of collections

of real-time vintages of data for each of the variables that we use, and the first vintage

starts in 1966Q1. Vintages vary across time as either new data are released or existing

data are revised by the relevant statistical agency. Using data from this database ensures

that we only use data that were available at the date of the forecast origin. For the

importance of using real-time data for macroeconomic forecasting, see Croushore and

Stark (2001) and Croushore (2006).

4 Empirical Analysis

In this section, we describe our results from comparing various probit model specifications

at different horizons. In doing so, we use an unbalanced panel for the 12 OECD coun-

tries described in Section 3. For some countries, such as the US, Australia and Japan,

residential investment, the term spread and stock prices are available for the full sample,

covering the period 1960Q1-2014Q4. For other countries, such as Spain, Norway and

Sweden, some of these variables are first available in the 1970s or early 1980s. On the

other hand, consumer confidence indicators are available only for a shorter sample for all

countries except the US. While for most countries they are available sometime during the

1970s or early 1980s, for Sweden and South Korea they are first available in 1995 and

1998, respectively.

4.1 Forecasting exercise

We carry out both an in-sample and an out-of-sample analysis. In both exercises, we

consider forecasts for horizons h = 1, . . . , 6, where h = 1 corresponds to a nowcast. Our

approach is therefore to forecast the probability of a recession h-quarters ahead. At each

horizon, we begin by estimating baseline probit models with four lags, including two
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explanatory variables; the industrial production index for advanced economies and one

of the typical leading indicators considered in the literature.12 Then, since our main

interest is to assess the importance of residential investment for in- and out-of-sample

predictability of economic recession, we augment each baseline specification with four

lags of residential investment growth.13 Following this procedure, we can formally test

whether residential investment contains predictive information over and above what is

contained in other explanatory variables traditionally considered in the recession fore-

casting literature. We use AUROC to evaluate the performance of each model and also

to compare the forecasting ability of each model with the baseline models. For each

specification, we report the standard error of the AUROC. We can therefore evaluate the

uncertainty around the estimates and assess whether adding residential investment to the

models including standard recession predictors leads to a significant increase in recession

forecasting accuracy.

4.2 Panel results

We report AUROC values for the different baseline probit models from our in-sample and

out-of-sample exercise in Table 1 and Table 2, respectively. In both tables, the upper

panel reports results for the sample 1990Q1-2014Q4 and the lower panel reports results

for the sample 1985Q1-2005Q4, excluding the Great Recession.

For the out-of sample evaluation, we perform the following exercise for the 1990Q1-

2014Q4 sample: First, each probit model is estimated using all data until 1989Q4. Then,

the estimated parameters are used to predict recession probabilities over the next six

12Our results are robust to using two alternative measures of the global business cycle; the index of
global real economic activity in industrial commodity markets (see Kilian (2009)) and growth in total
GDP for OECD countries. Results are reported in Tables C.1-C.4 in section C in the supplementary
Appendix.

13In a previous version of this paper, we followed Leamer (2007, 2015) more closely and used the con-
tribution of residential investment to GDP growth as our baseline measure. However, as the contribution
of residential investment to GDP growth depend not only on residential investment but also on other
spending that varies with the business cycle, we use residential investment growth as our baseline mea-
sure. We are thankful to one of our referees for pointing this out. All results in the paper are, however,
robust to using the contribution of residential investment to GDP growth as the baseline measure.
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quarters: 1990Q1 (h = 1 corresponding to the nowcast) to 1991Q2 (h = 6). Next, we re-

estimate the models, now using data until 1990Q1, and use the new estimated parameters

to predict recessions for 1990Q2-1991Q3. We continue like this until we have forecasted

recession probabilities for the end of the sample. A similar approach is used for the

1985Q1-2005Q4 sample.

Focusing on the upper panels of Table 1 and Table 2, we have two interesting results.

First, for all models, the forecasting performance is better the shorter is the forecast-

ing horizon. Second, among the various specifications, the models including residential

investment growth achieve the highest AUROC values at most horizons.14

By comparing the upper and lower panels in the two tables, it is evident that residen-

tial investment is highly comparable to the other leading indicators also when excluding

the Great Recession from the forecasting evaluation period. In fact, the term spread is

the only leading indicator that achieve higher AUROC values for the pre Great Recession

sample.

Next, we proceed to study whether or not residential investment contains predictive

information about future recessions over and above the standard leading indicators con-

sidered in the literature, i.e., the term spread, stock prices, consumer confidence survey

and oil prices. We therefore augment each baseline specification with four lags of res-

idential investment growth.15 For this exercise, we only report out-of-sample results.16

The achieved gains (increase in AUROC) for both the 1990Q1-2014Q4 and the 1985Q1-

2005Q4 sample are reported in panel A of Table 3. For the 1990Q1-2014Q4 sample, our

findings suggest that the gain in AUROC is statistically significant for all specifications

14Note that the data samples for the various leading indicators differ, see Table B.1 in section B in
the supplementary Appendix for details. The results reported in the various rows are therefore based on
different estimation samples. Thus, the results for the relative performance based on the various leading
indicators are therefore not strictly comparable. Results where the same estimation sample is used for
each country and for all the various leading indicators are similar, please see Tables C.5-C.6 in section
C in the supplementary Appendix.

15We have also explored whether residential investment add predictive information to alternative base-
line models. In these alternative baseline models, we include three explanatory variables; the industrial
production index for advanced economies and different combinations of two of the standard leading indi-
cators. Our results suggest that including residential investment in these models also leads to improved
forecast accuracy. Detailed results are given in Table C.7 in Section C of the supplementary Appendix.

16The in-sample results are similar.
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Table 1: In-sample AUROC values for different leading indicators – Panel results.

Variable/Horizon 1-step 2-step 3-step 4-step 5-step 6-step
Evaluation sample: 1990Q1-2014Q4

Res. Invest 0.819 0.786 0.755 0.731 0.706 0.676
(0.016) (0.018) (0.019) (0.019) (0.020) (0.020)

Spread 0.732 0.714 0.706 0.711 0.709 0.707
(0.018) (0.019) (0.018) (0.018) (0.018) (0.017)

Stocks 0.784 0.751 0.714 0.675 0.646 0.629
(0.016) (0.017) (0.017) (0.018) (0.019) (0.018)

C. Conf 0.776 0.756 0.739 0.731 0.714 0.703
(0.018) (0.019) (0.019) (0.020) (0.020) (0.020)

Oil Price 0.718 0.680 0.649 0.641 0.633 0.625
(0.019) (0.019) (0.019) (0.019) (0.019) (0.019)

Evaluation sample:1985Q1-2005Q4
Res. Invest 0.813 0.791 0.769 0.743 0.711 0.684

(0.020) (0.022) (0.023) (0.024) (0.025) (0.026)

Spread 0.850 0.851 0.849 0.843 0.828 0.814
(0.017) (0.017) (0.017) (0.016) (0.017) (0.017)

Stocks 0.780 0.758 0.736 0.715 0.691 0.676
(0.019) (0.020) (0.020) (0.021) (0.023) (0.023)

C. Conf 0.801 0.767 0.744 0.736 0.726 0.724
(0.028) (0.031) (0.034) (0.034) (0.035) (0.034)

Oil Price 0.716 0.690 0.669 0.674 0.684 0.684
(0.023) (0.023) (0.024) (0.023) (0.022) (0.023)

Note: This table shows in-sample AUROC values (with standard errors in parentheses) for probit models
using various leading indicators at different forecasting horizons. All the models are evaluated based on
two different time periods, 1990Q1 to 2014Q4 and 1985Q1 to 2005Q4, respectively.

and at all horizons when residential investment is added to the model. Our results there-

fore suggest that residential investment contains important predictive information about

future recessions over and above other leading indicators. Again, our results are robust

to excluding the Great Recession from the forecasting evaluation period. Although there

are some quantitative differences, we still find that models with residential investment

growth obtain the highest AUROC values for most specifications and at most horizons.

The only exception is that residential investment only contains predictive information

about future recessions over and above the term spread at the shorter horizons.

Finally, we do the reverse exercise, i.e., we study whether or not the term spread,
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Table 2: Out-of-sample AUROC values for different leading indicators – Panel results.

Variable/Horizon 1-step 2-step 3-step 4-step 5-step 6-step
Evaluation sample: 1990Q1-2014Q4

Res. Invest 0.788 0.738 0.687 0.643 0.603 0.574
(0.015) (0.016) (0.017) (0.018) (0.018) (0.019)

Spread 0.692 0.671 0.654 0.652 0.647 0.642
(0.020) (0.020) (0.020) (0.019) (0.019) (0.019)

Stocks 0.746 0.701 0.651 0.594 0.552 0.536
(0.017) (0.018) (0.019) (0.019) (0.020) (0.019)

C. Conf 0.750 0.712 0.683 0.669 0.643 0.628
(0.019) (0.020) (0.021) (0.021) (0.021) (0.022)

Oil Price 0.660 0.616 0.577 0.562 0.552 0.548
(0.020) (0.021) (0.021) (0.020) (0.020) (0.020)

Evaluation sample:1985Q1-2005Q4
Res. Invest 0.763 0.728 0.692 0.657 0.625 0.604

(0.018) (0.019) (0.020) (0.021) (0.022) (0.023)

Spread 0.784 0.782 0.775 0.763 0.746 0.729
(0.022) (0.022) (0.022) (0.021) (0.021) (0.022)

Stocks 0.735 0.697 0.657 0.615 0.579 0.561
(0.022) (0.023) (0.023) (0.024) (0.025) (0.025)

C. Conf 0.750 0.695 0.651 0.636 0.620 0.620
(0.031) (0.033) (0.035) (0.034) (0.034) (0.034)

Oil Price 0.651 0.614 0.591 0.589 0.596 0.599
(0.026) (0.026) (0.027) (0.027) (0.026) (0.026)

Note: This table shows out-of-sample AUROC values (with standard errors in parentheses) for probit
models using various leading indicators at different forecasting horizons. All the models are evaluated
based on two different time periods, 1990Q1 to 2014Q4 and 1985Q1 to 2005Q4, respectively.

stock prices, consumer confidence survey and oil prices contain predictive information

about future recessions over and above residential investment. Results for the 1990Q1-

2014Q4 sample are reported in panel B of Table 3. In this exercise, we augment a probit

model with four lags of residential investment and the industrial production index of for

advanced economies, with four lags of each of the alternative leading indicators separately.

The out-of sample results suggest that there is no gain from adding oil prices to a

model containing residential investment. At all horizons, there is a gain from adding

consumer confidence surveys, whereas stock prices only add at shorter horizons. On

the other hand, the term spread has predictive information about future recessions over
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Table 3: Out-of-sample AUROC gains – Panel results.

Variable/Horizon 1-step 2-step 3-step 4-step 5-step 6-step
Panel A: AUROC gains from adding residential investment growth

Evaluation sample: 1990Q1-2014Q4
Spread 0.098∗∗∗ 0.086∗∗∗ 0.073∗∗∗ 0.051∗∗∗ 0.028∗∗∗ 0.014∗∗∗

(0.012) (0.010) (0.009) (0.006) (0.004) (0.003)

Stocks 0.073∗∗∗ 0.076∗∗∗ 0.073∗∗∗ 0.065∗∗∗ 0.046∗∗∗ 0.021∗∗∗

(0.010) (0.009) (0.008) (0.008) (0.006) (0.005)

C. Conf 0.070∗∗∗ 0.078∗∗∗ 0.079∗∗∗ 0.060∗∗∗ 0.042∗∗∗ 0.027∗∗∗

(0.014) (0.013) (0.013) (0.012) (0.011) (0.010)

Oil Price 0.116∗∗∗ 0.107∗∗∗ 0.090∗∗∗ 0.068∗∗∗ 0.042∗∗∗ 0.016∗∗∗

(0.013) (0.011) (0.009) (0.008) (0.006) (0.005)

Evaluation sample:1985Q1-2005Q4
Spread 0.036∗∗∗ 0.024∗∗ 0.014 0.007 -0.005∗∗ -0.009∗∗∗

(0.012) (0.010) (0.009) (0.006) (0.002) (0.003)

Stocks 0.057∗∗∗ 0.057∗∗∗ 0.046∗∗∗ 0.030∗∗∗ 0.013∗∗∗ -0.001
(0.011) (0.010) (0.008) (0.006) (0.004) (0.004)

C. Conf 0.072∗∗∗ 0.078∗∗∗ 0.066∗∗∗ 0.037∗∗ -0.000 -0.018∗

(0.022) (0.019) (0.018) (0.016) (0.011) (0.009)

Oil Price 0.093∗∗∗ 0.078∗∗∗ 0.053∗∗∗ 0.032∗∗∗ 0.012∗∗ -0.003
(0.017) (0.012) (0.010) (0.006) (0.005) (0.004)

Panel B: AUROC gains from adding various leading indicators
Evaluation sample: 1990Q1-2014Q4

Spread 0.002 0.019 0.041∗∗∗ 0.059∗∗∗ 0.072∗∗∗ 0.082∗∗∗

(0.010) (0.013) (0.015) (0.017) (0.017) (0.017)

Stocks 0.031∗∗∗ 0.040∗∗∗ 0.038∗∗∗ 0.016 -0.006 -0.017
(0.009) (0.011) (0.012) (0.012) (0.012) (0.013)

C. Conf 0.031∗∗ 0.049∗∗∗ 0.066∗∗∗ 0.074∗∗∗ 0.068∗∗∗ 0.059∗∗∗

(0.012) (0.013) (0.015) (0.017) (0.019) (0.020)

Oil Price -0.013∗∗∗ -0.015∗∗ -0.020∗ -0.013 -0.009 -0.010
(0.004) (0.007) (0.011) (0.011) (0.008) (0.006)

Note: Panel A shows AUROC gains (with standard errors in parentheses) when augmenting each
baseline probit specification with residential investment growth as an additional regressor. All the models
are evaluated based on the time periods 1990Q1 to 2014Q4 and 1985Q1 to 2005Q4, respectively. Panel
B shows AUROC gains (with standard errors in parentheses) when augmenting a probit model with four
lags of residential investment and the industrial production index of for advanced economies, with four
lags of each of the alternative leading indicators separately. For all the models in Panel B the evaluation
period is 1990Q1 to 2014Q4. For both panels, differences in accuracy that are statistically different from
zero at a 10%, 5% and 1% significance level are denoted by one, two and three asterisks, respectively.

and above residential investment at longer horizons. That said, the gains are mostly

considerably smaller in this case than when we conduct the opposite exercise, i.e. adding
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residential investment to models containing these indicators.17

When testing for equal forecast accuracy, we use two-sided tests. Monte Carlo evi-

dence in Clark and McCracken (2011, 2015) show that the Diebold-Mariano test for equal

forecast accuracy in the finite sample tends to have a size that is lower than the nominal

size of the test, when compared against normal critical values. To the extent that this

result also translates to comparing forecasts from nested probit models using AUROC’s

as the measure of forecast accuracy, the same may apply in our case.

4.3 Country-specific results

Results from the panel analysis suggest a significant improvement in recession predictabil-

ity when residential investment is added to the information set. In order to investigate

the generality of this finding across countries, Figure 1 displays the share of countries

where the AUROC increases significantly by augmenting the baseline specification with

residential investment. The figure reports results for each baseline specification, both for

the in-sample (Panel a) and out-of-sample (Panel b) exercise. For many of the countries

in our sample, and in particular at the shorter forecasting horizons, including residential

investment contributes to improving the forecasting accuracy of future recessions. There

is, however, considerable heterogeneity across the different countries.

Tables D.1-D.12 in section D the supplementary Appendix highlight this heterogene-

ity in even more detail by reporting the AUROC values for all individual countries for

both the in-sample and out-of-sample exercise. The results indicate a high degree of

heterogeneity in the predictive ability of residential investment across countries. Resi-

dential investment seems to be particularly important in predicting future recessions for

countries such as Spain, Norway and the US. These are all countries with relatively high

home-ownership rates. In contrast, for countries such as South Korea and Japan, where

home-ownership rates are relatively low, residential investment does not contain predic-

17Noteworthy exceptions are, however, consumer confidence surveys and the term spread at longer
horizons.
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Figure 1: Share of countries where residential investment adds significantly as a recession
predictor relative to other leading indicators

(a) In-sample (b) Out-of-sample

The figure shows the share of countries where we reject that the AUROC value based on
predictions from the baseline model is equal to predictions from the baseline model augmented
with residential investment. We report the result for both the in-sample and out-of-sample
analysis. We use a significance level of 5%.

tive information about future recessions over and above the other leading indicators.

To shed some more light on this, Figure 2 shows a scatter plot of the AUROC from

baseline models only containing residential investment at each forecast horizons against

home-ownership rates. For forecast horizons, h = 1 − 4, there is a strong positive rela-

tionship between the AUROC and home-ownership rates. This suggests that residential

investment is a stronger predictor of future recessions in countries with higher home-

ownership rates.

Finally, Estrella and Hardouvelis (1991) and Estrella and Mishkin (1998) have docu-

mented that the slope of the term structure has strong predictive power for US recessions.

Tables D.1-D.12 in section D the supplementary Appendix show that our results corrob-

orate this finding for the US. There is, however, considerable heterogeneity in AUROC

values across countries in the forecasting model that only includes the term spread. In

particular, the term spread seems to be a good predictor of recessions in countries such as

Australia, Canada, Norway, Sweden and the US. In contrast, for countries such as Italy,

Japan, Spain and the UK, the term spread is not a very good predictor of recessions with

17



Figure 2: Scatter plot of AUROC values and home-ownership rates.

The figure shows scatter plots of AUROC and home-ownership rates, as well as a fitted line and
its corresponding R2 value for different forecast horizons.

AUROC values close to, or even below, 0.5 at several forecasting horizons.

4.4 Real-time results for the US

It is important to account for data revisions when assessing the importance of various

leading indicators for out-of-sample predictability of economic recessions. While data for

the term spread, stock prices and oil prices are not revised, data on residential investment

are revised over time. It is therefore important to study whether the results in Section

4.2 and 4.3 are affected by accounting for data revisions.

Unfortunately, a real-time database for residential investment does not exist for the

12 countries in the panel. However, to shed light on whether data revisions affect the

out-of-sample predictability of residential investment in forecasting economic recessions,

18



we use real-time data for the US. In doing so, we conduct a recursive real-time out-

of-sample forecasting exercise for the period 1966Q1-2014Q4, covering a total of seven

recessions. Note that this is a considerably longer forecasting sample than the one used in

the OECD cross-country panel study. Therefore, the relative performance of the various

leading indicators differs somewhat from that obtained for the US in the panel study.

The main goal of this exercise is to investigate whether accounting for data revisions

affects forecast performance, and not to compare the performance of the various leading

indicators per se. The relevant comparison is therefore to check whether the AUROC

gains and their statistical significance change between the quasi real-time exercise and

the recursive real-time exercise. We therefore only report the AUROC gains in Table 4.

The results in Table 4 show that the AUROC gains from the real-time exercise (labeled

RT in Table 4) are - in a broad sense - in line with the ones from the quasi real-time

exercise (labeled as OOS in Table 4). As expected, for most specifications, the AUROC

gains are somewhat smaller and standard errors somewhat larger when data revisions are

taken into account. However, in most cases, the difference in AUROC gains is fairly small,

and statistical significance is mostly unaffected. We take this as indicative evidence that

data revisions are unlikely to materially affect the results from our panel analysis.

Finally, the relative performance of the different indicators for the quasi real-time

exercise differs somewhat from that obtained for the US in the panel study in Section

4.3, see Table E.1 in the section E in the supplementary Appendix. This can – at least

partly – be ascribed to two data-related differences. First, the real-time results for the US

are based on a much smaller sample than the panel study. Second, both the estimation

sample and the forecasting sample are different for the US real-time study than in the

panel study. It is therefore worth noting that although the main finding that residential

investment is a good predictor of US recessions is still maintained, residential investment

does not contain out-of-sample predictive information about future recessions over and

above the term spread at longer forecasting horizons.
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Table 4: AUROC gains from including residential investment growth – US results. Esti-
mated on 1953Q2 - 2014Q4, Evaluated on 1966Q1-2014Q4

Variable/Horizon 1 2 3 4 5 6
Spread OOS 0.045 0.017 -0.030∗∗ -0.034∗∗ -0.033∗ -0.036

(0.028) (0.017) (0.015) (0.017) (0.019) (0.027)

RT 0.046∗ -0.010 -0.052∗∗ -0.048∗∗ -0.043∗ -0.053
(0.028) (0.017) (0.022) (0.022) (0.024) (0.033)

Stocks OOS 0.049∗ 0.075∗∗ 0.080∗∗ 0.085∗∗ 0.059 0.062
(0.027) (0.031) (0.034) (0.039) (0.045) (0.040)

RT 0.038 0.036 0.049 0.058 0.064 0.023
(0.026) (0.026) (0.036) (0.048) (0.049) (0.048)

C.Conf OOS 0.043 0.050∗ 0.048∗ 0.064 0.120∗ 0.053
(0.031) (0.030) (0.027) (0.041) (0.061) (0.051)

RT 0.022 0.045 0.019 0.043 0.096∗ 0.025
(0.031) (0.033) (0.038) (0.051) (0.055) (0.051)

Oil Price OOS 0.286∗∗∗ 0.232∗∗∗ 0.147∗∗∗ 0.025 0.038 0.001
(0.065) (0.055) (0.049) (0.040) (0.043) (0.045)

RT 0.263∗∗∗ 0.203∗∗∗ 0.120∗∗∗ -0.010 -0.002 -0.048
(0.060) (0.051) (0.043) (0.049) (0.051) (0.044)

Note: This table shows AUROC gains (with standard errors in parentheses) when augmenting each
probit specification with residential investment as an additional regressor. The models are evaluated
based on the time period 1966Q1 to 2014Q4 and estimated on the sample 1953Q2 - 2014Q4. Differences
in accuracy that are statistically different from zero at a 10%, 5% and 1% significance level are denoted
by one, two and three asterisks, respectively.

5 Conclusion

In this paper, we have investigated whether residential investment growth helps to predict

recessions over and above what is captured by standard leading indicators. Our results

strongly suggest that recession predictability is improved, both in- and -out-of-sample,

when residential investment is included. Conducting the reverse exercise, namely adding

each of the alternative indicators to a model containing residential investment, we find

less improvement in recession predictability. Moreover, our results suggest that residen-

tial investment is a particularly good indicator of the business cycle in countries where

home-ownership rates are high. For the US, we test the robustness of these findings to

accounting for data revisions. Our results are broadly robust to applying real-time data.

These results are important, since they suggest that the probability of timely reces-
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sion detection by central banks and other policy institutions may be improved by taking

into account the developments in residential investment – especially in countries with

high home-ownership rates. Moreover, with even more accurate data on residential con-

struction activity, e.g. satellite pictures of the number of cranes at work each quarter,

real-time recession forecasts could be improved even further.
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Jordà, O. and A. M. Taylor (2011). Performance Evaluation of Zero Net-Investment

Strategies. NBER Working Papers 17150, National Bureau of Economic Research, Inc.
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