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Negative house price co-movements and

US recessions

Abstract

We investigate the relation between large negative house price co-movements in the
cross-section of US cities and the national business cycle. The occurrences of large
negative house price co-movements across cities cluster over time and these clusters
are closely linked to NBER recession dates. A simple co-movement measure that
aggregates large negative city-level house price returns reliably predicts future reces-
sion periods. Weighting cities according to population or GDP when constructing
the negative co-movement variable yields the largest forecasting power, indicating
that larger cities that contribute more to the national GDP are more influential
in terms of correctly signaling future recessions. Moreover, large negative house
price co-movements contribute above and beyond traditional recession predictors,
suggesting an important role for city-level housing information as an early warning
indicator.
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1. Introduction

Housing markets and housing finance have recently received increasing attention and

are frequently viewed as a critical source of fluctuations in the macroeconomy (Jordà,

Schularick, and Taylor, 2016).1 The rapid boom and subsequent decline in house prices

across nearly all Metropolitan Statistical Areas (MSAs) prior to the financial crisis in 2008

is a prime example of this link (Claessens, Kose, and Terrones, 2010, 2012). Davis and

Heathcote (2005) and Leamer (2008, 2015), early advocates of this view, provide strong

arguments for housing being an important precursor of the national business cycle. Ghent

and Owyang (2010), conversely, find no relation between housing markets and business

cycles when examining the relation at the city level.

In this paper, we offer a new perspective on this question by studying the relation

between large negative house price co-movements in the cross-section of MSA-level house

price returns and the national business cycle as identified by the National Bureau of

Economic Research (NBER) Business Cycle Dating Committee. Specifically, we ask

whether large negative co-movements in MSA-level house prices can reliably signal future

recession periods. Recessions are often associated with high economic uncertainty, business

failures, and job destructions, implying that identifying early warning indicators is of

substantial value to policy makers as well as households. Although city-level housing

markets within the US are often viewed as local markets with their own distinct dynamics,

as in Del Negro and Otrok (2007), Gyourko, Mayer, and Sinai (2013), and Glaeser, Gyourko,

Morales, and Nathanson (2014), recent empirical evidence points to an increase in the

degree of housing market integration in the US. Fairchild, Ma, and Wu (2015) find that

a substantial part of local real estate market volatility is attributable to local factors,

although they discover an increasing role for a common national factor from the late 1990s

onwards. In a related study, Kallberg, Liu, and Pasquariello (2014) show that local US

real estate markets exhibit common price movements and that this co-movement has been

increasing since the 1990s as well. Similarly, Hirata, Kose, Otrok, and Terrones (2013)
1We refer to, among others, Glaeser, Gyourko, and Saiz (2008), He, Wright, and Zhu (2015), and

Favilukis, Ludvigson, and Nieuwerburgh (2017) for discussions of the causes of the boom and subsequent
bust in house prices.
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document that the degree of synchronization for international housing markets has been

steadily increasing over time. We continue this line of research by considering a particular

type of co-movement, namely periods in which US cities experience large simultaneous

housing contractions. That is, periods with large simultaneous house price declines. To

obtain a measure of large negative house price co-movements, we borrow from the financial

contagion literature and consider a simple and readily available non-parametric approach

proposed by Bae, Karolyi, and Stulz (2003). We define a large house price decline as

a return that falls below the 5th quantile of the marginal return distribution for each

city-level housing market. Based on this definition, we construct a single measure of large

negative house price co-movements from the cross-section of 382 MSA-level house prices as

the proportion of MSAs that experience large housing contractions simultaneously over the

period from January 1975 to December 2016. To investigate whether some cities are more

influential than others, we consider a variety of weights in the aggregation. In particular,

we consider equal, price-based, GDP-based, and population-based weights, and find that

GDP-based weighting delivers the most reliable recession signals. That is, cities that

contribute more to the national GDP are more influential in terms of signalling recessions.

Summarizing our main empirical results, we find that large negative city-level house

price co-movements consistently and reliably signal future recessions using a standard

probit model. As in Leamer (2008), the only exception is the 2000-2001 recession where

we observe very few large negative co-movements in house prices. Moreover, we find

that negative co-movements act as an important complimentary source of information

relative to established recession indicators such as the term spread, stock returns, business

sentiments, and even drive out building permits. This is true not only for forecasting

recession periods using probit models, but also for predicting future industrial production

growth. We find that size-based weights (with respect to population and GDP) yield the

largest explanatory power. Thus, larger and more populous cities that contribute more to

the national GDP are more influential in terms of correctly identifying future recessions.

Our paper is related to two strands of research. First, our work is related to a large

literature that studies the predictability of recessions using macro-finance variables. Early

2
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work in this area finds that the short rate, the term spread, and the stock market return

are strong predictor variables for future recessions (see, e.g., Estrella and Hardouvelis

(1991), Bernard and Gerlach (1998), Estrella and Mishkin (1998), Dueker (2002), Chauvet

and Potter (2005), Wright (2006), Kauppi and Saikkonen (2008), and Nyberg (2010)).

Ng (2012) extends the set of financial variables with various macroeconomic indexes,

Christiansen, Eriksen, and Møller (2014) show that the Purchasing Manager’s Index (PMI)

is a strong predictor of future recessions (see also Berge and Jordà (2011)), Bluedorn,

Decressin, and Terrones (2016) consider the effect of asset price drops (including aggregate

house prices) and their ability to forecast the beginning of a recession in G7 countries, and

Ponka (2017) considers the effect of credit variables on future recessions.2 Liu and Moench

(2016) provide a recent comparison of proposed recession predictors. Last, Owyang, Piger,

and Wall (2015) study the usefulness of state-level employment growth in forecasting the

national US business cycle. While related to our paper, we focus on city-level house price

declines rather than employment.

Second, our paper is related to a growing literature studying the relation between

developments in housing markets and the macroeconomy. We show that by exploiting

the information in cross-sectional co-movements in US city-level housing markets, it is

possible to improve the predictability of future recessions, even when accounting for

sentiment and the usual term structure and stock market variables. In line with our

results, Claessens et al. (2010, 2012) find that developments in the housing market can

amplify business cycle booms and busts. This message is mirrored in Leamer (2008, 2015)

who documents that the US business cycle is predictable by the US housing market.3

However, this view is questioned by Ghent and Owyang (2010) who find that MSA real

estate returns do not forecast MSA business cycles. Strauss (2013), building on the

work of Ghent and Owyang (2010), finds that national and state-level building permits

significantly lead economic activity in nearly all US states and that differences in permits
2Ng (2014) and Berge (2015), respectively, consider different approaches for selecting among and

combining many predictors in forecasting US recessions.
3Adams and Füss (2010), Beltratti and Morana (2010), Agnello and Schuknecht (2011), and Cesa-

Bianchi (2013) argue that improved macroeconomic activity positively influences the future developments
in real estate markets.
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across states can help explain the severity of job and income losses. Aastveit, Anundsen,

and Herstad (2018) use residential investments to predict recessions across 12 OECD

countries. Owyang, Piger, and Wall (2005), Owyang, Piger, Wall, and Wheeler (2008),

and Arias, Gascon, and Rapach (2016) find large variations in the timing and number of

economic contractions across US states and metropolitan areas, something that we find is

true for MSA-level house price return declines as well. Yet, as in Arias et al. (2016), we

find that the degree of synchronizations in house price declines amplify during the crisis

and recession periods. Finally, our paper is also related to Hernández-Murillo, Owyang,

and Rubio (2017) who identify clusters of housing markets that experience their own

idiosyncratic contractions. These clusters may lead a national downturn, continue after

it, or be completely independent of national movements. Similarly, our method also uses

clustered declines as a predictor, but uses prices directly instead of volume.

The remainder of the paper proceeds as follows. Section 2 introduces the data and our

variable for negative co-movements in US metropolitan area housing markets. Section 3

outlines our empirical approach. Section 4 presents our main empirical results for predicting

future recessions. Section 5 shows the results for industrial production growth. Section 6

provides additional tests and robustness on our main results. Finally, Section 7 concludes.4

2. Data and variable construction

This section describes the data used in the empirical analysis and outlines the construction

of our measure of large negative house price co-movements from the cross-section of US

MSA-level house price returns. All data are measured at a monthly frequency over the

period January 1975 to December 2016.

2.1. House price returns

We consider a panel of monthly seasonally-adjusted house price observations for 382 US

Metropolitan Statistical Areas from the Freddie Mac House Price Index (FMHPI). The
4Further tests and robustness checks are delegated to an Internet Appendix accompanying this paper.
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FMHPI is calculated using a repeat-transactions methodology.5 We convert the nominal

house price series to inflation-adjusted series using the Consumer Price Index (All Items),

available from the Federal Reserve Bank of St. Louis. We compute house price returns as

hpri,t = 100 · ln
(
Pi,t
Pi,t−1

)
(1)

where Pi,t denotes the inflation- and seasonality-adjusted house price index for the ith

MSA during month t. Table 1 presents standard descriptive statistics for monthly house

price returns, including annualized means and standard deviations, skewness, kurtosis,

and first-order autocorrelation coefficients. To conserve space, we focus on the 50 largest

MSAs as measured by population.6

[Insert Table 1 about here]

Even among these large MSAs, we see large variations in average house price returns.

Average house price returns range from about −0.55% for Cleveland-Elyria (OH) to 3.76%

for San Jose-Sunnyvale-Santa Clara (CA). Similarly for the volatility, we see that areas

such as Indianapolis-Carmel-Anderson (IN) and Cincinnati (OH-KY-IN) experience small

levels of fluctuations in their real estate prices (standard deviations of about 5.6%), whereas

areas such as Riverside-San Bernardino-Ontario (CA), Miami-Fort Lauderdale-West Palm

Beach (FL) and Las Vegas-Henderson-Paradise (NV) have seen a higher volatility in

real estate price changes (standard deviations of about 13%). House price returns are

typically negatively skewed and exhibit excess kurtosis. Last, house price returns are

highly persistent with first-order autocorrelations ranging between 0.60 and 0.95.

2.2. Large house price declines

Our aim is to study the link between large negative co-movements in the cross-section of

MSA-level house prices and US recessions. To obtain a simple and intuitive measure of
5The series are available from http://www.freddiemac.com/finance/house_price_index.html. We refer

to Ghysels, Plazzi, Valkanov, and Torous (2013) for an overview of different approaches for constructing
house price series.

6We use the 2016 population estimates from the US Census Bureau to classify the size of the metropolitan
areas. The full statistics are available upon request.
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negative co-movements, we borrow from the financial contagion literature and, following

Bae et al. (2003), define a large house price decline (an exceedance in the Bae et al. (2003)

terminology) as a city-level house price return that falls below the 5th quantile of the

marginal house price return distribution. This definition directly identifies large house price

declines. Formally, we define an indicator for a large house price decline as 1{hpri,t<ϕi},

which takes the value one whenever hpri,t < ϕi, where ϕi denotes the 5th quantile of the

marginal return distribution for the ith MSA.

[Insert Figure 1 about here]

Figure 1 illustrates the occurrences of large house price declines for the 50 largest MSAs.

Although the timing of large house price declines exhibits pronounced variation across

MSAs, a substantial part of the large declines cluster around crisis periods. This is

particularly evident around the beginning of the 2008-2009 financial crisis. Yet, differences

exist. While MSAs such as San Francisco-Oakland-Hayward (CA), Las Vegas-Henderson-

Paradise (NV), and San Jose-Sunnyvale-Santa Clara (CA) almost exclusively experience

large house price declines during that period, MSAs such as Austin-Round Rock (TX),

Houston-The Woodlands-Sugar Land (TX), and Oklahoma City (OK) do not fall excessively

during the recent recession, but see their largest declines in the 1980-90 period instead.

Perhaps equally striking, none of the 50 most populous cities experience large house price

declines over the 1995 to 2005 period.

2.3. Negative house price co-movements

In this section, we detail the construction of our measure of large negative house price

co-movements. To capitalize on the joint occurrences of large negative real estate returns,

we follow Bae et al. (2003) and define negative co-movements (so-called co-exceedances)

as the total number of joint large house price declines in a given month. The resulting

negative co-movement variable can thus take on integer values from 0 to 382, where 382 is

the number of MSAs in the FMHPI dataset. We then construct our negative co-movement

variable (NC) as the weighted proportion of MSAs with a large negative housing return in

6
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a given month. Formally,

NCt =
382∑
i=1

ωi1{hpri,t<ϕi} (2)

where ωi is the weight assigned to the ith MSA. The weights always sum to one and

are non-negative. We consider four different weighting schemes: i) equal weighting, ii)

price-based weighting, iii) GDP-based weighting, and iv) population-based weighting.7

When necessary, we distinguish between the four NC series by using the following notation:

NCEW
t , NCPRC

t , NCGDP
t , and NCPOP

t . The price-based weighting scheme makes use of

the relative house price level across MSAs and thus allocates the largest weights to

those MSAs that have the highest relative prices. The GDP-based weighting scheme

computes the weights based on the relative contribution to the national-level GDP, while

the population-based weighting scheme uses the relative population size to compute the

weights.

For our purpose of forecasting recessions, it may not be optimal to place all attention

on the most recent house price decline since past price declines may also carry important

information.8 To avoid a potential loss of information, but still retain main focus on the

most recent large price declines, we therefore apply exponential smoothing to our NC

variables. Exponential smoothing is a simple and useful way to incorporate information

from past house price declines while still maintaining focus on the most recent declines.

That is, it allows us to incorporate information from past price declines rather than placing

all the weight on the price declines in a particular month.9

[Insert Figure 2 about here]

Figure 2 depicts the time series of negative co-movement variable using GDP-based weights

(NCGDP).10 Consistent with the indicators for large house price declines for the 50 most
7 The MSA data on GDP are available from the Bureau of Economic Analysis and the population

numbers are available from the Census Bureau. Due to data limitations, the weights are constant over
time and computed based on data from 2016.

8We thank an anonymous reviewer for bringing this point to our attention.
9We consider an exponentially-weighted moving average estimator for xt defined as xt =

(1− λ)
∑t

i=1 λ
ixt. This can equivalently be written as a simple recursion xt = (1− λ)xt−1 + (λ)xt−1.

We set the smoothing parameter λ to 0.8 and begin the recursion at the unconditional mean of the series.
According to Bowerman and O’Connel (1979), values between 0.7 and 0.9 are often chosen in practise. As
shown in Table IA.2 in the Internet Appendix, our results are robust towards variations in the smoothing
parameter.

10The four NC series are relatively highly correlated with correlation coefficients of 0.89 or above and
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populous MSAs, we see that the extent of negative co-movements, i.e. the GDP-weighted

proportion of joint house price declines that falls outside the 5th percentile of the marginal

return distribution, spikes in the early 1980s, the early 1990s, and during the recent

financial crisis in 2008–2009. The fact that the degree of negative co-movements is greater

during the recent financial crisis is consistent with Kallberg et al. (2014) and Claessens

et al. (2010) whose findings indicate that the co-movement in US real estate prices is

increasing over time.

2.4. NBER recession dates and standard predictors

We collect recession dates from the National Bureau of Economic Research (NBER)

Business Cycle Dating Committee, where the first month following a peak defines the

first recession month and the last month of a through defines the end of a recession. The

sample contains six recession periods, the last being the 2008–2009 financial crisis. They

are indicated with gray-shaded bars in Figure 2.11

We consider a set of standard macroeconomic and financial predictors well-known from

the empirical literature on recession forecasting. Specifically, we consider the term spread

(TS), changes to the federal funds rate (∆FFR), and the log S&P500 return (S&P500)

(see, e.g., Dueker (1997, 2002), Estrella and Mishkin (1998), Wright (2006), Kauppi (2008),

Kauppi and Saikkonen (2008), and Nyberg (2010)). We further include the Purchasing

Managers’ Index (PMI), which Christiansen et al. (2014) show has strong predictive power

for future recession periods.12 In addition to the MSA negative co-movement variable

(NC), we control for one additional housing variable, namely building permits (PERMIT).

Building permits are used extensively in the housing literature to assess the link between

housing and the business cycle (see, among many, Leamer (2008, 2015), Ghent and Owyang

(2010), and Strauss (2013)).13 Including building permits to our set of predictors allows us

to distinguish between the effects coming from house prices themselves and the volume of

therefore have similar time series patterns.
11Our sample period does not include the full 1973-1975 recession period.
12See also Klein and Moore (1991), Dasgupta and Lahiri (1993), Lindsey and Pavur (2005), Banerjee

and Marcellino (2006), Berge and Jordà (2011), and Lahiri and Monokroussos (2013) for further empirical
evidence on the usefulness of PMI for forecasting the macroeconomy.

13See also Ng (2012) for an application to recession forecasting.
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houses (see, e.g., Leamer (2008)). All variables are generally available with short delays or

in real-time and are typically not revised after their release, except for building permits.

[Insert Table 2 about here]

Table 2 presents summary statistics for our set of traditional recession predictors and the

negative co-movement variable. The predictors are strongly autocorrelated, except for

S&P500 stock market returns, but are all stationary. Most of the variables have large

standard deviations relative to their mean values, except building permits and the PMI.

None of the variables are strongly correlated, implying that they capture distinct aspects

of the macroeconomy.

3. Empirical approach

This section lays out the econometric methodology. We first describe the probit model

used for forecasting US recessions and its estimation. We then provide an overview of the

evaluation measures used to assess model performance.

3.1. The model

We are interested in accurately predicting future US recessions. Let {yt}Tt=1 denote a

binary-valued time series process that depends on the state of the US economy as follows

yt =


1,

0,

if the economy is in a recession at time t

if the economy is in an expansion at time t
(3)

The scalar recession indicator yt is, conditional on the information set Ft−1, Bernoulli

distributed with probability parameter pt, i.e. yt|Ft−1 ∼ B (pt). We model the conditional

probability pt of a future recession using a standard probit model, where the conditional

probability for the recession event {yt = 1} is specified as

Et−1 [yt] = Pt−1 [yt = 1] = Φ (πt) = pt (4)

9
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where Φ (·) denotes the standard normal cumulative distribution function, Et−1 [·] and

Pt−1 [·] denote the conditional expectation and probability, respectively, and πt is a linear

function of variables in Ft−1.14 In particular, we consider the following specification for

the static probit model

πt = $ + x′t−kβ (5)

where $ is a constant term and xt−k includes k-period lagged values of explanatory

variables. We estimate the parameters of the probit model by maximizing the likelihood

function

L (y, π) =
T∑
t=1

[yt log Φ (πt) + (1− yt) log (1− Φ (πt))] (6)

We refer to Kauppi and Saikkonen (2008) and de Jong and Woutersen (2011) for further

details on the ML estimation and the computation of Newey and West (1987) type robust

standard errors.

3.2. Evaluation measures

We assess model performance by considering a broad array of evaluation metrics. The

first metric we consider is the pseudo-R2 measure developed in Estrella (1998)

R2
Est = 1−

(
L (y, π)UR
L (y, π)R

)−(2/T )L(y,π)R

(7)

where L (y, π)UR is the log likelihood value of the model of interest, L (y, π)R is value of

the log likelihood function for a model in which all parameters, except the intercept, are

set to zero, and T is the total number of observations.

The second metric we consider is the log probability score (LPS) defined as

LPS = − 1
T

T∑
t=1

[yt log (p̂t) + (1− yt) log (1− p̂t)] (8)

The LPS ranges between 0 and ∞, where 0 implies perfect forecast accuracy.15 R2
Est and

14This approach is also taken in, among others, Estrella and Mishkin (1998), Nyberg (2010), Ng (2012),
Christiansen et al. (2014), and Ponka (2017).

15See Diebold and Rudebusch (1989) for a discussion on the use of scoring rules in assessing the
predictive power of leading indicators.
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LPS are both evaluation measures that assess the probability forecasts.

Third, we compute the fraction of correctly identified recession and expansion periods,

respectively, based on an exogenous threshold ξ. In particular, we define a recession signal

as

ŷt = 1{pt>ξ} (9)

where the conditional probability of recession pt is determined from a probit model. We

report the fraction of correct classifications (CE and CR for correct expansions and correct

recessions) based on ξ = 0.25 and ξ = 0.5.

Finally, we make use of the Receiver Operating Characteristics (ROC) curve, which

evaluates the model’s overall ability to distinguish between recessions and expansions.

The ROC curve plots all possible combinations of false positive and true positive rates

using threshold values from 0 to 1. The ROC curve therefore plots the entire space of

trade-offs between correct and false recession signals as a function of the threshold used to

make classifications based on a real-valued probability forecast. In particular, let the true

positive rate be

TP (ξ) = Pt+1 (pt > ξ|yt = 1) (10)

and let the false positive rate be

FP (ξ) = Pt+1 (pt > ξ|yt = 0) (11)

for all possible thresholds 0 ≤ ξ ≤ 1. Any ROC curve that lies to the left of a 45 degree

line indicates a forecast that exceeds the classification of a coin toss. The further towards

the north-west corner the ROC curve is, the better the fit of the model is. We report the

area under the ROC curve (AUC), which is a summary measure of the overall classification

ability.16 A perfect recession classifier has an AUC of 1, whereas a coin-toss classifier has

an AUC of 0.5. The AUC is asymptotically Gaussian under general conditions so that the

null of no classification ability (H0: AUC = 0.5) can be tested using standard techniques
16Formally, the area under the ROC curve is given by AUC =

∫ 1
0 ROC (c) dc, where c is the false

positive rate. We compute it using a trapezoidal approximation.
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(Hanley and McNeil, 1982, 1983).17 We refer to Pepe (2003), Berge and Jordà (2011),

and Liu and Moench (2016) for more details on ROC curves and their use in classifying

economic activity into expansions and recessions.

4. Predicting recessions

In this section, we investigate the relation between large negative co-movements in the

cross-section of MSA-level house prices and future recessions. We provide evidence that

a simple measure for negative house price co-movements is a strong predictor of US

recessions and that its predictive ability remains strong when controlling for a set of

standard recession predictors identified in the literature.

4.1. Weighting house price returns

Are all MSA housing markets equally influential? To study this question, we begin by

examining the predictive ability of large negative house price co-movements (NC) when

considering different weighting schemes ωi in Eq. (2). In particular, we compare the

forecasting power of NC using four different weighting schemes: equal, price-, GDP-, and

population-based weighting. Table 3 reports the results from estimating univariate probit

models using the different weighting schemes.18 First of all, NC is strongly statistically

significant and has high predictive power across all weighting schemes. As expected, the

sign of the NC coefficient is positive across all specifications, implying that a higher number

of jointly occurring large negative house price declines signals a future recession. As such,

an increase in NC should be viewed as a credible warning sign of a future recession.

Secondly, the results also reveal that the choice of weighting scheme matters for the

model fit. The price-based weighting scheme does not seem to improve the model fit

relative to equal-weighting, suggesting that it is not necessarily the cities with the highest

prices that are the most influential. On the other hand, the two size-based weighting
17Lieli and Hsu (2019), conversely, show that the AUC measure, under the null of AUC = 0.5, follows a

non-standard distribution, which can lead to severe overrejection of the null. Thus, our results should be
interpreted with caution. See also Ponka (2017) for a discussion.

18We use a one-period lag of NC, which means that k = 1 in Eq. (5).
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schemes (GDP-based and population-based weights) both lead to somewhat better model

fit compared to equal-weighting. For example, with GDP-based weights rather than

equal weights, the Estrella (1998) pseudo-R2 measure increases from 32.28% to 34.67%,

indicating that the largest cities are more influential than the smallest cities. The same is

true when looking across all other evaluation metrics. It is for this reason that we make

use of GDP-based weights for NC throughout our empirical analysis.

4.2. Negative co-movements and traditional recession predictors

Table 4 presents the results from estimating various probit models using NCGDP along

with a set of variables commonly used for forecasting US recession periods. While NCGDP

works best at short lags (k = 1), some of the traditional predictors display better predictive

ability when increasing the lag length k in Eq. (5).19 To provide a fair comparison across

variables, we therefore determine the optimal k for each variable based on the largest

explanatory power from univariate regressions. For example, the term spread has more

predictive power at more distant lags and its highest explanatory power is obtained at

k = 12. This result is consistent with previous literature (see, e.g., Estrella and Mishkin

(1998) and Kauppi and Saikkonen (2008)).

[Insert Table 4 about here]

We consider a variety of model specifications. Model 1 consists of NCGDP on its own

and Model 2 incorporates a set of financial variables that have often been used in recession

forecasting (term spread, federal funds rate, and S&P500), while Model 3 combines these

two models. By combining the financial variables with NCGDP, we see that the explanatory

power and model fit increase significantly. In particular, the Estrella (1998) pseudo-R2

measure increases from 29.72% to 49.86% by taking into account the information in NCGDP.

Moreover, the AUC reaches a value of 0.97, which is substantially higher than the 0.89

and 0.92 obtained from Model 1 and 2, respectively.

The predictive power is also high when combining the traditional financial variables with

PMI (Model 4), which gives rise to an R2
Est value of 45.46%. However, the improvements

19Table IA.1 in the Internet Appendix provides the results from estimating univariate probit models
using lag lengths between 1 and 12 months (k = 1, . . . , 12) for our set of recession predictors.
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are slightly lower compared to those offered by NCGDP. Moreover, when considering

PMI and NCGDP jointly with the financial variables in Model 5, we obtain an increase

in the R2
Est value from 45.46% to 65.97%, and NCGDP is strongly statistically significant

according to the Kauppi and Saikkonen (2008) t-statistic. In addition, the other evaluation

measures (the LPS, AUC, and fraction of correctly classified recessions periods) all suggest

that the informational content of NC is useful in providing reliable warning signals about

future recession periods. Thus, PMI and NCGDP provide complimentary information about

future recession periods. This is further reflected in the AUC of 0.99.

Following the work of Strauss (2013), among others, Model 6 and 7 analyze the

importance of controlling for building permits. Model 6 shows that NC stays statistically

significant when it is used together with building permits and the traditional financial

predictive variables. Model 7 also controls for the PMI such that all predictive variables

are used together, and we again observe that NC is statistically significant. Taken together,

the results imply that NC contains relevant information for predicting future business

cycles over and above previously identified predictors from the extant literature.

Summarizing our empirical findings so far, the model fit is best for Models 5 and 7

across all evaluation measures. In Model 5 (7), the R2
Est is 65.97% (66.13%). For both

models, we correctly identify recessions in 80% of the months and expansions in almost all

of the months with ξ = 0.5, and the area under the ROC curve is as large as 0.99.

Figure 3 depicts the recession predictions from the seven probit models from Table 4.

When using NCGDP on its own (Model 1), we see that the model performs well with the

exception of the 2001 recession. The model is unable to correctly identify this recession

period, which is consistent with Leamer (2008). In contrast, the traditional variables

(Model 2) give many false signals and predict recessions with a delay. The full model

(Model 7) predicts all the recessions in the sample period with large precision and give

no false signals. The predictions appear close to identical for Model 5 and 7, i.e. adding

building permits does not appear to be important when we have already accounted for the

real estate market via the measure of negative house price co-movements.

[Insert Figure 3 about here]
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Figure 4 displays the ROC curves for the seven forecast models from Table 4. The

figure illustrates that the informational content in the measure of negative house price

co-movements significantly improves upon the classification ability of a model based on

traditional recession predictors only. We also see that Models 5 and 7 display superior

classification ability in that their ROC curves are located most closely to the north-west

corner of the plot. That is, NC always improves upon the classification ability, even when

we control for strong recently suggested predictors such as the PMI and the volume of

housing using building permits. This corroborates the findings about the model fit in

Table 4.

[Insert Figure 4 about here]

Overall, we conclude that the negative house price co-movement variable contains

relevant information about future recession periods and that its information content

complements that of previously identified predictors from the empirical literature on

recession forecasting.

5. Economic growth

So far, we have considered NBER recession dates as the main object of interest. The

motivation for this is that recessions are periods often associated with high economic

uncertainty, business failures, and job destruction. A potential concern is, however, that

the number of recessionary periods is relatively small in the given sample period. To

address this issue, we now turn to examining the role of NCGDP in explaining the future

growth rate of economic activity where we focus on industrial production growth rather

than GDP growth in order to keep the analysis at the monthly frequency.20

Table 5 presents the results from regressing log industrial production growth on a
20In the Internet Appendix, we show that GDP weighting is superior relative to equal weighting when

forecasting economic activity, which once again indicates that larger cities are more influential than smaller
cities (see Table IA.3). Therefore, the results for predicting industrial production growth are tabulated for
the GDP-based weighting of the NC variable (NCGDP).
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constant and lagged predictors

ipt = $ + x′t−kβ + ut (12)

where ipt denotes the log growth rate of industrial production at time t and xt−k contains

lagged explanatory variables. To facilitate comparison, the regression models use the same

explanatory variables at the same lags as in the above probit models in Table 4.

[Insert Table 5 about here]

As Table 5 shows, the slope coefficient of NCGDP is significantly negative, implying

that expected economic growth is low when MSA-level housing markets jointly experience

large negative house price returns. On its own, NCGDP explains 12.69% of the variation

in the one-month ahead growth rate in industrial production. In comparison, the model

consisting of the term spread, the fed funds rate, and the SP500 return generates an R2 of

7.37%. Adding NCGDP to the model, the one-month ahead explanatory power more than

doubles from 7.37% to 15.26%.21

Consistent with the findings in Christiansen et al. (2014), the regressions show that

PMI is a particularly strong predictive variable of economic growth. Still, NCGDP remains

statistically significant, even when controlling for PMI. In contrast, the term spread, the

fed funds rate, the S&P500 return as well as building permits all turn insignificant. We

conclude that NCGDP contains useful information not only for predicting recessions but

for forecasting growth rates in economic activity as well.

6. Additional analyses

6.1. Variable selection

An interesting question is whether NCGDP is included in the set of relevant variables if

we consider an advanced method of variable selection. To analyze this, we make use of
21In the Internet Appendix, we show results for longer forecast horizons. The explanatory power of

NCGDP is increasing with the forecasting horizon until 6 months (24.75%) after which it decreases slightly
(see Table IA.4).
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the least absolute shrinkage and selection operator (lasso) developed by Tibshirani (1996),

which is an informative tool for identifying the most relevant predictive variables.22 For

applications with binary response variables, the common approach is to use a logistic lasso

regression model where a penalty term is included in the maximum likelihood problem.

The penalty is given by

− δ
n∑
i=1
|βi| (13)

where n is the number of variables that the lasso can choose from, βi is the coefficient on

the ith variable, and δ is a regularization parameter that controls the sparsity of the model.

We perform ten-fold cross validation over different values of δ and choose the optimal

value of δ based on the “one-standard-error” rule as suggested by Hastie, Tibshirani,

and Friedman (2009), among others. In the logistic lasso regression, we include NCGDP

jointly with our five benchmark variables (TS, FFR, S&P500, PMI, and PERMITS). Each

variable enters with five different lag length specifications (k = 1, 3, 6, 9, 12), which implies

that n = 30 in Eq. (13). When estimating the logistic lasso regression, the following

variables are selected: NCGDP
t−1 , TSt−9, TSt−12, and PMIt−1. Together these four variables

generate an Estrella (1998) pseudo-R2 of 66.38%, which is on par with Model 5 and 7

(see Table 4). The lasso results confirm that NCGDP contains relevant information about

future recessions.

We carry out two robustness checks for the lasso analysis. First, following Zou and

Hastie (2005), we use the elastic net estimator where the penalty term is given by

n∑
i=1

1
2 (1− γ) β2

i + γ |βi| (14)

Here γ = (0, 1] controls the weight between the lasso and the ridge regression. If γ = 1,

the elastic net is the same as the lasso, while when γ tends to 0, the elastic net approaches

ridge estimation. For different values of γ, NCGDP is always selected in the set of relevant

variables. In most cases, we obtain the exact same variable selection as when using lasso

estimation.
22We thank an anonymous reviewer for suggesting the lasso analysis.
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As a second robustness check, we estimate the industrial production growth regressions

using the lasso technique. Once again, we let the lasso choose from NCGDP and the five

benchmark variables and allow for different lag length specifications. The results show

that the lasso selects the following three variables: NCt−1, S&P500t−2, and PMIt−1. This

specification produces an R2 of 23.93%, which is slightly higher than the corresponding

figures for Model 5 and 7 (see Table 5). Overall, we can conclude that the lasso identifies

NCGDP as a relevant predictive variable in all cases.

6.2. Optimal thresholds

To evaluate NC’s overall classification ability of recessions and expansions, we use ROC

curves and make a comparison with the benchmark variables. We use the fitted values

from a probit model to facilitate comparison and discussion. Figure 5 displays the results.

For each variable, the ROC curve illustrates all potential trade-offs between type 1 and

type 2 errors by varying the threshold from 0 to 1. To identify the optimal threshold, we

can move along the ROC curve and analyze relative costs of false alarms and missed signals.

In particular, we follow Berge and Jordà (2011) and consider the following optimization

problem

max
ξ

(
2π̂T̂P (ξ)− π̂

)
−
(
2 (1− π̂) F̂P (ξ)− (1− π̂)

)
(15)

where ξ denotes the treshold for classifying a recession, π̂ is the unconditional probability

of a recession, and T̂P (ξ) and F̂P (ξ) denote true and false positive rates, respectively.

[Insert Figure 5 about here]

Figure 5 plots the ROC curves for each predictor variable and indicates with a star

the optimal trade-off between true and false positives. The figure clearly illustrates that

NCGDP offers higher true positive rates for smaller sacrifices in terms of false positive

rates compared to all competing predictors, although PMI is a close second. In the case

of NCGDP, we find that setting ξ = 0.34 provides the classification that offers the best

trade-off between the costs of false positives for the benefits of true positives. With this

threshold, we are able to achieve a true positive rate of 0.68 for a false positive rate as
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small as 0.02. The term spread, in contrast, provides a true positive rate of 0.41 for

a false positive rate of 0.03 at a threshold of ξ = 0.40. This trade-off is significantly

worse than the one offered by NCGDP. Overall, we find that NCGDP provides robust

predictions and classifications of recession periods in the US during our sample period and

that it contains valuable information both on its own, but also when complemented with

traditional predictors from the literature.

6.3. Alternative definitions

In the main analysis, we follow Bae et al. (2003) in defining a large negative house price

return as one that lies below the 5th quantile of the marginal return distribution. Our

results continue to hold for other reasonable choices such as, e.g., the 2.5th quantile of the

marginal return distribution.23 The results are qualitatively similar when using the 7.5th

quantile instead. Overall, our results are not dependent on using the 5th quantile, but

remain valid for a variety of reasonable specifications.

Moreover, we find that most of the predictive ability of NC arises from the cross-

sectional perspective on large negative co-movements. Using a similar definition of an

indicator for large negative house price declines in the national US housing market has only

limited predictive power for future recessions. The Estrella (1998) pseudo-R2 is about 18%,

which should be compared to an explanatory power of more than 30% when exploiting the

cross-sectional information across MSA real estate markets (see Table 3). That is, it is not

simply national house price declines that drive our results, rather it is the cross-sectional

variation in the house price declines across cities.

7. Conclusion

In this paper, we study the relation between US recession and large negative house price

co-movements. We introduce a simple and straightforward variable that exploits the

cross-sectional information in price movements across US city-level housing markets. Using

monthly data on 382 US Metropolitan Statistical Areas, we provide evidence that large
23The results are available in Table IA.5 in the Internet Appendix.
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negative house price co-movements tend to cluster over time and, in general, that there is

a large commonality in house price declines immediately prior to economic recessions. We

analyze different weighting schemes and find that larger (in terms of GDP and population)

cities tend to be more influential than smaller cities. We then document that negative

co-movements strongly forecast future recessions using a standard probit model. Moreover,

we find that using negative co-movements jointly with traditional recession predictors

leads to a significant increase in the accuracy of predictions of future recessions and that

they contain important predictive information not captured by the most commonly used

recession predictors. The predictive ability of the negative co-movement variable extends

to economic growth. Overall, we argue that city-level housing market information is useful

for forecasting national business cycles.

A refinement of the proposed measure of negative co-movements in city-level housing

markets may involve taking into account the proximity of cities hit by a large negative

house price decline, as the degree of proximity could provide further information on the

pervasiveness of the price declines across the country. We leave this question for future

research.
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Table 1: Descriptive statistics for the 50 largest cities
This table presents descriptive statistics for inflation- and seasonality-adjusted house price
returns for the 50 largest MSAs as measured by population. The selected MSAs are sorted
according to population size. For each MSA, the table reports annualized means and
standard deviation, skewness, kurtosis, and first-order autocorrelation coefficients. The
population in billions of people is also reported and is obtained from the 2016 population
estimates from the US Census Bureau. The sample period covers January 1975 to December
2016.

Metro area Mean Std Skew Kurt ρ (1) Pop.

New York-Newark-Jersey City, NY-NJ-PA 1.40 8.54 0.22 3.23 0.87 20.15
Los Angeles-Long Beach-Anaheim, CA 2.87 10.96 -0.58 3.72 0.92 13.31
Chicago-Naperville-Elgin, IL-IN-WI 0.44 7.39 -0.65 4.33 0.79 9.51
Dallas-Fort Worth-Arlington, TX 0.47 7.69 -0.32 7.71 0.61 7.23
Houston-The Woodlands-Sugar Land, TX 0.47 7.92 -0.03 7.17 0.63 6.77
Washington-Arlington-Alexandria, DC-VA-MD-WV 1.45 7.63 -0.23 3.77 0.89 6.13
Philadelphia-Camden-Wilmington, PA-NJ-DE-MD 0.65 7.04 0.12 3.42 0.78 6.07
Miami-Fort Lauderdale-West Palm Beach, FL 0.94 13.36 -0.62 8.28 0.77 6.07
Atlanta-Sandy Springs-Roswell, GA 0.02 7.33 -0.39 3.75 0.80 5.79
Boston-Cambridge-Newton, MA-NH 2.01 8.72 0.20 3.13 0.88 4.79
San Francisco-Oakland-Hayward, CA 3.20 10.64 -0.62 3.94 0.91 4.68
Phoenix-Mesa-Scottsdale, AZ 0.81 12.18 -0.35 5.71 0.93 4.66
Riverside-San Bernardino-Ontario, CA 1.70 12.70 -1.19 6.69 0.94 4.53
Detroit-Warren-Dearborn, MI -0.01 10.65 -0.48 9.59 0.82 4.30
Seattle-Tacoma-Bellevue, WA 2.69 9.71 -0.45 5.10 0.86 3.80
Minneapolis-St. Paul-Bloomington, MN-WI 0.57 7.59 -0.54 6.06 0.78 3.55
San Diego-Carlsbad, CA 2.36 10.40 -0.46 3.53 0.90 3.32
Tampa-St. Petersburg-Clearwater, FL 0.79 12.29 0.04 8.88 0.74 3.03
Denver-Aurora-Lakewood, CO 1.84 7.21 -0.16 2.72 0.82 2.85
St. Louis, MO-IL 0.02 8.91 -0.03 8.90 0.72 2.81
Baltimore-Columbia-Towson, MD 0.91 6.90 -0.01 3.38 0.83 2.80
Charlotte-Concord-Gastonia, NC-SC 0.38 5.80 -0.49 3.82 0.72 2.47
Orlando-Kissimmee-Sanford, FL 0.53 12.78 -0.18 8.27 0.77 2.44
San Antonio-New Braunfels, TX 0.18 7.48 -0.68 7.43 0.60 2.43
Portland-Vancouver-Hillsboro, OR-WA 2.15 8.83 -0.58 3.33 0.87 2.42
Pittsburgh, PA 0.33 6.80 0.02 8.41 0.68 2.34
Sacramento–Roseville–Arden-Arcade, CA 1.91 11.31 -0.63 4.11 0.92 2.30
Cincinnati, OH-KY-IN -0.26 5.60 -0.77 4.60 0.70 2.17
Las Vegas-Henderson-Paradise, NV 0.39 13.11 -0.87 7.83 0.95 2.16
Kansas City, MO-KS -0.05 6.89 0.11 6.15 0.74 2.10
Austin-Round Rock, TX 1.48 8.77 -0.77 5.91 0.71 2.06
Cleveland-Elyria, OH -0.55 6.53 -0.77 5.18 0.74 2.06
Columbus, OH 0.08 5.69 -0.60 5.61 0.67 2.04
Indianapolis-Carmel-Anderson, IN -0.25 5.61 -0.26 5.67 0.73 2.00
San Jose-Sunnyvale-Santa Clara, CA 3.76 10.67 -0.25 3.40 0.91 1.98
Nashville-Davidson–Murfreesboro–Franklin, TN 0.64 6.00 -0.06 3.42 0.77 1.87
Virginia Beach-Norfolk-Newport News, VA-NC 0.57 6.86 0.40 3.99 0.83 1.73
Providence-Warwick, RI-MA 1.32 9.33 0.36 3.36 0.89 1.61
Milwaukee-Waukesha-West Allis, WI 0.25 7.97 -1.66 13.23 0.82 1.57
Jacksonville, FL 0.51 11.30 0.13 11.28 0.70 1.48
Oklahoma City, OK -0.19 6.87 -0.42 3.99 0.82 1.37
Memphis, TN-MS-AR -0.52 5.81 0.12 5.27 0.75 1.34
Raleigh, NC 0.66 5.72 -0.12 3.90 0.68 1.30
Louisville/Jefferson County, KY-IN 0.15 5.06 -0.63 4.18 0.72 1.28
Richmond, VA 0.28 6.02 -0.28 3.75 0.78 1.28
New Orleans-Metairie, LA 0.21 6.56 -0.14 3.57 0.78 1.27
Hartford-West Hartford-East Hartford, CT 0.24 8.62 0.60 3.88 0.87 1.21
Salt Lake City, UT 1.28 8.04 -0.04 3.02 0.86 1.19
Birmingham-Hoover, AL -0.27 6.05 -0.68 4.51 0.77 1.15
Buffalo-Cheektowaga-Niagara Falls, NY 0.09 5.66 -0.23 3.85 0.70 1.13
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Table 2: Descriptive statistics for predictor variables
This table presents descriptive statistics for our set of predictor variables used in the
empirical analysis (Panel A) and their contemporaneous correlations (Panel B). We report
for each variable their mnemonic used throughout the paper, means, standard deviations,
minimum and maximum observed values, and first-order autocorrelation coefficient. The
sample period covers January 1975 to December 2016.

Variable Mnemonic Mean Std Min Max ρ (1)

Panel A: Descriptive statistics
Term spread TSt 1.84 1.22 -2.65 4.42 0.95
Federal funds rate ∆FFRt -0.01 0.56 -6.63 3.06 0.38
S&P 500 returns S&P500t 0.67 4.32 -24.54 12.38 0.04
Purchasing Managers Index PMIt 51.88 5.94 29.40 69.90 0.93
Building permits PERMITt 7.16 0.33 6.24 7.72 0.98
Negative co-movements NCGDP

t 0.05 0.08 0.00 0.57 0.98

Variable TSt ∆FFRt S&P500t PMIt PERMITt NCGDP
t

Panel B: Correlations
Term spread 1.00
Federal funds rate -0.20 1.00
S&P 500 returns 0.01 -0.10 1.00
Purchasing Managers Index 0.16 0.34 0.00 1.00
Building permits -0.22 0.14 -0.00 0.31 1.00
Negative co-movements 0.04 -0.14 -0.13 -0.38 -0.49 1.00
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Table 3: Comparing weighting schemes
This table presents the results from estimating univariate probit models for each of the
proposed weighting schemes proposed in the paper. We consider i) equal weighting (EW),
ii) price-based (PRC) weighting, iii) GDP-based weighting, and iv) population-based
(POP) weighting. For each weighting scheme, the table reports coefficient estimates,
Kauppi and Saikkonen (2008) t-statistics in parentheses, and a host of diagnostics: log-L
is the log likelihood value, R2

Est is the pesudo-R2 measure from Estrella (1998), BIC is the
Schwarz-Bayesian information criterion, LPS denotes the log probability score, CR50%
(CR25%) and CE50% (CE25%) denote the percentage of correctly identified recession and
expansion periods at the 50% and 25% threshold level, respectively, AUC is the area under
the ROC curve and the p-value refers to the null of no classification ability. The sample
period covers January 1975 to December 2016.

Weighting schemes (ω)

EW PRC GDP POP

NCt−1 11.58 11.51 12.24 12.23
(6.29) (6.21) (5.02) (5.12)

Constant -2.13 -2.14 -2.13 -2.13
(-7.87) (-7.80) (-8.10) (-8.10)

log-L -100.63 -100.37 -95.65 -96.47
R2

Est (%) 32.28 32.40 34.67 34.28
BIC 106.83 106.56 101.85 102.67
LPS 0.20 0.20 0.19 0.20
CR50% 0.61 0.61 0.43 0.46
CE50% 0.97 0.98 0.99 0.99
CR25% 0.71 0.71 0.71 0.70
CE25% 0.94 0.94 0.95 0.94
AUC 0.85 0.85 0.86 0.86
p-val [0.00] [0.00] [0.00] [0.00]
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Table 4: Predicting US recessions
This table presents the results from estimating various probit models using negative
house price declines, building permits, the purchasing manager’s index, the term spread,
changes to the Federal funds rate, and the S&P500 index. For each model, the table
reports parameter estimates, Kauppi and Saikkonen (2008) t-statistics in parentheses, and
a host of diagnostics: log-L is the log likelihood value, R2

Est is the pesudo-R2 measure
from Estrella (1998), BIC is the Schwarz-Bayesian information criterion, LPS denotes the
log probability score, CR50% (CR25%) and CE50% (CE25%) denote the percentage of
correctly identified recession and expansion periods at the 50% and 25% threshold level,
respectively, AUC is the area under the ROC curve and the p-value refers to the null of
no classification ability. The sample period covers January 1975 to December 2016.

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

NCGDP
t−1 12.24 9.93 7.94 6.86 7.04

(5.02) (4.14) (4.46) (2.83) (4.38)
PERMITt−1 -1.26 -0.59

(-1.96) (-0.75)
PMIt−1 -2.90 -0.41 -0.22

(-4.49) (-2.40) (-3.91)
TSt−12 -0.71 -0.56 -0.95 -0.41 -0.68 -0.45

(-5.18) (-3.89) (-4.65) (-2.40) (-3.68) (-2.78)
∆FFRt−1 -0.38 -0.27 -0.31 -0.00 -0.27 -0.01

(-1.60) (-1.26) (-1.16) (-0.02) (-1.16) (-0.05)
S&P500t−4 -0.08 -0.06 -0.08 -0.07 -0.07 -0.07

(-3.84) (-3.50) (-4.25) (-2.71) (-3.77) (-2.73)
Constant -2.13 -0.38 -1.38 20.28 9.39 7.91 13.50

(-8.10) (-1.72) (-3.94) (4.40) (3.54) (1.68) (2.79)

log-L -95.65 -106.03 -65.89 -74.17 -38.16 -63.09 -37.92
R2

Est (%) 34.67 29.72 49.86 45.46 65.97 51.38 66.13
BIC 101.85 118.42 81.38 89.66 56.75 81.68 59.61
LPS 0.19 0.22 0.13 0.15 0.08 0.13 0.08
CR50% 0.43 0.39 0.61 0.62 0.80 0.68 0.80
CE50% 0.99 0.98 0.99 0.99 0.98 0.99 0.99
CR25% 0.71 0.66 0.79 0.86 0.88 0.80 0.86
CE25% 0.95 0.93 0.96 0.94 0.96 0.96 0.97
AUC 0.86 0.92 0.97 0.96 0.99 0.97 0.99
p-val [0.00] [0.00] [0.00] [0.00] [0.00] [0.00] [0.00]
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Table 5: Predicting economic growth
This table presents the results from estimating various OLS predictive regression models
for industrial production growth using negative house price declines, building permits, the
purchasing manager’s index, the term spread, changes to the Federal funds rate, and the
S&P500 index as regressors. For each model, the table report slope coefficients, Newey
and West (1987) t-statistics in parenthesis, and the adjusted R2. The sample period covers
January 1975 to December 2016.

Variable Model 1 Model 2 Model 3 Model 4 Model 5 Model 6 Model 7

NCGDP
t−1 -2.85 -2.41 -1.76 -2.20 -1.81

(-5.35) (-4.23) (-3.12) (-3.62) (-2.92)
PERMITt−1 0.10 -0.02

(0.88) (-0.26)
PMIt−1 0.36 0.04 0.04

(2.82) (5.85) (6.13)
TSt−12 0.10 0.05 0.09 -0.03 0.05 -0.03

(2.89) (1.47) (2.97) (-1.00) (1.54) (-1.03)
∆FFRt−1 0.18 0.15 0.16 0.03 0.14 0.03

(2.21) (1.90) (1.95) (0.40) (1.84) (0.40)
S&P500t−4 0.02 0.01 0.02 0.01 0.01 0.01

(2.47) (1.96) (2.46) (1.30) (1.96) (1.30)
Constant 0.31 -0.01 0.20 -2.62 -1.89 -0.53 -1.73

(9.31) (-0.15) (2.73) (-2.73) (-4.89) (-0.62) (-2.03)

R2
Adj (%) 12.69 7.37 15.26 10.36 23.60 15.27 23.45
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Figure 1: Large negative house price declines for the 50 largest US cities
This figure displays the occurrences of large negative house price declines among the 50
largest MSAs as measured by population. The selected MSAs are sorted according to
population size. Large negative declines are identified using the non-parametric approach
of Bae et al. (2003) as inflation- and seasonality-adjusted house price returns that fall
below the 5th percentile of the marginal return distribution. The sample period covers
January 1975 to December 2016.
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Figure 2: Common MSA housing declines
This figure displays the time series dynamics of the GDP-weighted indicator for the
occurrences of large joint negative house price declines, NCGDP. We measure negative
house price co-movements as the fraction of MSAs that experience large house price
declines simultaneously, where a large decline is defined as a decline that falls below the
5th quantile of the marginal return distribution. NBER recession dates are marked in
gray-shading. The sample period covers January 1975 to December 2016.
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Figure 3: Model-implied recession probabilities
This figure displays the model-implied recession probabilities from the models in Table
4 against NBER defined recession periods in gray-shading. The sample period covers
January 1975 to December 2016.
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Figure 4: Receiver Operating Characteristic (ROC) curves
This figure displays the Receiver Operating Characteristic (ROC) curves based on the
model-implied recession probabilities from the models in Table 4. The ROC curve plots the
trade-off between false positive (x-axis) and true positive (y-axis) rates for each model. The
45–degree line represents a coin-toss classifier and a ROC curve closer to the north-west
corner indicates a stronger classification ability. The sample period is January 1975 to
December 2016.
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Figure 5: Optimal threshold for individual predictors
This figure displays the Receiver Operating Characteristic (ROC) curves based on the
model-implied recession probabilities from univariate probit models. The ROC curve
plots the trade-off between false positive (x-axis) and true positive (y-axis) rates for each
model. The 45–degree line represents a coin-toss classifier and a ROC curve closer to the
north-west corner indicates a stronger classification ability. The sample period is January
1975 to December 2016.
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Table IA.1: Predicting U.S. recessions using individual predictors

This table presents the results from estimating univariate problems for each of the predictor
variables for lag lengths varying between one and twelve months. To assess model
performance, we report the pseudo-R2 in percentage from Estrella (1998). The sample
period covers January 1975 to December 2016.

Predictor variables

Lag TSt ∆FFRt S&P500t PMIt PERMITt NCGDP
t

1 0.12 5.12 1.50 44.67 11.21 34.67
2 1.15 3.37 3.23 35.35 9.94 33.73
3 3.20 0.90 2.90 27.57 8.04 30.07
4 4.99 0.14 4.51 22.13 6.11 25.92
5 6.57 0.35 3.49 17.59 4.57 21.30
6 8.98 0.65 2.57 14.26 3.24 17.81
7 11.53 0.46 3.28 10.54 2.08 15.61
8 14.73 0.12 2.56 7.46 1.25 13.61
9 17.37 0.02 1.29 4.66 0.66 11.52
10 18.83 0.00 0.39 2.99 0.28 9.31
11 20.46 0.01 0.58 1.87 0.06 7.41
12 22.44 0.04 0.67 1.22 0.00 5.54

ii
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Table IA.2: In-sample fit across different decay parameters
This table presents the results from estimating univariate probit models for each of the
weighting schemes considered in the paper for different choices of the decay parameter λ
in the exponentially-weighted moving average. To assess model performance, we report
the pseudo-R2 in percentage from Estrella (1998). The sample period covers January 1975
to December 2016.

Weighting schemes (ω)

λ EW PRC GDP POP

0.70 32.16 32.16 34.13 33.83
0.75 32.55 32.61 34.85 34.49
0.80 32.28 32.40 34.67 34.28
0.85 30.83 31.04 32.78 32.41
0.90 27.06 27.36 27.83 27.62
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Table IA.3: Comparing weighting schemes for industrial production
This table presents the results from estimating univariate probit models for each of the
proposed weighting schemes proposed in the paper. We consider i) equal weighting (EW),
ii) price-based (PRC) weighting, iii) GDP-based weighting, and iv) population-based
(POP) weighting. For each model, the table report coefficient estimates, Newey and West
(1987) t-statistics with 1 lags in parenthesis, and the adjusted R2. The sample period
covers January 1975 to December 2016.

Weighting schemes (ω)

Variable EW PRC GDP POP

NCt−1 -3.00 -2.95 -2.85 -2.87
(-3.89) (-3.93) (-5.60) (-5.44)

Constant 0.32 0.32 0.31 0.32
(6.38) (6.36) (6.66) (6.65)

R2
Adj (%) 10.77 10.76 12.69 12.55

iv
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Table IA.4: Long-horizon predictive regressions for industrial production
This table presents the results from estimating various OLS predictive regression models
for industrial production growth using negative house price declines, building permits, the
purchasing manager’s index, the term spread, changes to the Federal funds rate, and the
S&P500 index as regressors. For each model, the table report slope coefficients, Newey and
West (1987) t-statistics with h+ 1 lags in parentheses (with h being the forecast horizon),
and the adjusted R2. The sample period covers January 1975 to December 2016.

Forecast horizon

1 3 6 9 12

NCEW
t−1 -2.86 -8.38 -14.42 -18.73 -21.22

(-4.09) (-3.63) (-2.69) (-2.21) (-1.99)
R2

Adj (%) 9.59 17.64 17.82 16.40 13.86

NCPRC
t−1 -2.78 -8.16 -14.17 -18.53 -21.14

(-4.01) (-3.57) (-2.68) (-2.22) (-2.01)
R2

Adj (%) 9.42 17.43 17.90 16.71 14.31

NCGDP
t−1 -2.79 -8.32 -14.91 -19.85 -22.73

(-5.16) (-5.10) (-3.91) (-3.13) (-2.67)
R2

Adj (%) 11.87 22.57 24.75 23.93 20.68

NCPOP
t−1 -2.79 -8.30 -14.90 -19.86 -22.76

(-5.01) (-4.90) (-3.77) (-3.05) (-2.61)
R2

Adj (%) 11.58 22.01 24.17 23.44 20.29

v
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Table IA.5: Using the 2.5th quantile of the marginal distribution
This table presents the results from estimating univariate probit models for each of the
proposed weighting schemes proposed in the paper. We consider i) equal weighting (EW),
ii) price-based (PRC) weighting, iii) GDP-based weighting, and iv) population-based
(POP) weighting. For each weighting scheme, the table reports parameter estimates,
Kauppi and Saikkonen (2008) t-statistics in parentheses, and a host of diagnostics: log-L
is the log likelihood value, R2

Est is the pesudo-R2 measure from Estrella (1998), BIC is the
Schwarz-Bayesian information criterion, LPS denotes the log probability score, CR50%
(CR25%) and CE50% (CE25%) denote the percentage of correctly identified recession and
expansion periods at the 50% and 25% threshold level, respectively, AUC is the area under
the ROC curve and the p-value refers to the null of no classification ability. The sample
period covers January 1975 to December 2016.

Weighting schemes (ω)

EW PRC GDP POP

NCt−1 26.34 20.02 23.20 23.04
(6.36) (6.37) (5.09) (5.45)

Constant -2.02 -2.04 -2.08 -2.07
(-8.32) (-8.24) (-8.48) (-8.49)

log-L -100.30 -99.58 -93.01 -94.11
R2

Est (%) 32.44 32.78 35.96 35.42
BIC 106.49 105.78 99.20 100.31
LPS 0.20 0.20 0.19 0.19
CR50% 0.57 0.57 0.52 0.52
CE50% 0.97 0.98 0.99 0.99
CR25% 0.71 0.71 0.71 0.70
CE25% 0.96 0.96 0.96 0.96
AUC 0.83 0.83 0.86 0.85
p-val [0.00] [0.00] [0.00] [0.00]
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Figure IA.1: Common MSA housing declines: Regional decomposition
This figure displays the time series dynamics of the GDP-weighted indicator for the
occurrences of large joint negative house price declines across regions. We consider four
regions: West, Midwest, Northeast, and South. We measure negative house price co-
movements as the fraction of MSAs that experience large house price declines simultaneously
within each region, where a large decline is defined as a decline that falls below the 5th
quantile of the marginal return distribution. NBER recession dates are marked in gray-
shading. The sample period covers January 1975 to December 2016.
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