UNIVERSITY OF ALBERTA
&7 FACULTY OF ARTS

Department of Economics

Working Paper No. 2013-03

Forecasting U.S. Recessions with
Macro Factors

Sebastian Fossati
University of Alberta

November, 2012

Copyright to papers in this working paper series rests with the authors and their assignees.
Papers may be downloaded for personal use. Downloading of papers for any other activity
may not be done without the written consent of the authors.

Short excerpts of these working papers may be quoted without explicit permission provided
that full credit is given to the source.

The Department of Economics, The Institute for Public Economics, and the University of
Alberta accept no responsibility for the accuracy or point of view represented in this work in
progress.



Forecasting U.S. Recessions with Macro Factors

Sebastian Fossati*
University of Alberta

This version: November 20, 2012

Abstract

Dynamic factors estimated from panels of macroeconomic indicators are used
to predict future recessions using probit models. Three factors are considered:
a bond and exchange rates factor; a stock market factor; a real activity factor.
Three results emerge. First, models that use only financial indicators exhibit a
large deterioration in fit after 2005. Second, models that use factors yield better
fit than models that use indicators directly. Out-of-sample forecasting exercises
confirm these results for 3-, 6-, and 12-month horizons using both ex-post revised
data and real-time data. Third, results show evidence that data revisions affect
factors less than individual indicators.

Keywords: Recession, Forecasting, Factors, Probit Model.
JEL Codes: E32, C22, C25.

*Contact: Department of Economics, University of Alberta, Edmonton, AB T6G 2H4, Canada.
Email: sfossati@Qualberta.ca. Web: http://www.ualberta.ca/~sfossati/. I would like to thank
Marcelle Chauvet and Jeremy Piger for providing part of the data used in this paper. I also thank
Yu-chin Chen, Tim Cogley, Peter Fuleky, Chang-Jin Kim, and James Morley for helpful comments.


http://www.ualberta.ca/~sfossati/

1 Introduction

Forecasting recessions (i.e., periods of decline in economic activity) is considered to
be of special interest in macroeconomic research as well as for policy makers and pri-
vate economic agents. However, the prediction of business cycle phases in real-time (or
shortly after) is particularly difficult since business conditions are never directly observ-
able and the Business Cycle Dating Committee of the NBER makes its announcements
long after the fact (often more than a year). For example, the NBER determined that
a peak in economic activity (beginning of a recession) occurred in the U.S. economy
in December 2007. This announcement, however, was not made until December 2008.
In fact, over the past 30 years, the NBER has made its announcements between 6 to
20 months after the corresponding peak or trough.

In this context, a common strategy among those interested in modeling business
conditions in real-time consists in generating recession probabilities using binary class
models (e.g., probit, logit) for current or future NBER recession dates. The existing
literature has focused mainly on probit models that use macroeconomic indicators di-
rectly. For example, Estrella and Mishkin (1998) find that the 3-month less 10-year
term spread and stock price indexes are the most useful predictors of future U.S. re-
cessions. Similarly, Wright (2006) finds that using the level of the federal funds rate
together with the term spread improves the performance of the predictive probit mod-
els. Recently, Katayama (2010) analyzed the forecasting performance of several binary
class models for NBER recessions using combinations of 33 macroeconomic indica-
tors and a 6-month horizon. He concludes that the combination of the term spread,
month-to-month changes in the S&P 500 index, and the growth rate of non-farm em-

ployment generates the sequence of out-of-sample recession probabilities that better



fits subsequently declared NBER recession dates. Other relevant contributions to this
literature include Dueker (1997), Chauvet and Potter (2005), Kauppi and Saikkonen
(2008), Nyberg (2010), Hamilton (2011), Ng (2012), and Owyang et al. (2012), among
others.

In this paper, I use dynamic latent factors estimated from panels of macroeconomic
indicators (macro factors) to predict future NBER recession dates. Three monthly
macro factors are considered: (1) a bond and exchange rates factor extracted from 22
financial indicators; (2) a stock market factor extracted from 4 stock market indicators;
(3) a real activity factor extracted from 4 macroeconomic indicators. The dynamic
factors are estimated using Bayesian methods and used to forecast NBER recessions
using probit models. Recently, Chen et al. (2011) use static factors estimated by
principal components from a large number of time series also to forecast future NBER
recessions. While this approach based on large panels of macroeconomic indicators has
been found useful in many forecasting exercises (see, e.g., Stock and Watson, 2002a,b,
2006), using dynamic factors estimated from small panels has some advantages. First,
factors estimated from small panels are easier to interpret than factors estimated from
large panels. Second, the small panel approach allows us to account for two important
issues when evaluating the out-of-sample performance of the forecasting models: (1)
data availability at the time the forecast would have been made; (2) the effect of
data revisions on the predicted probabilities.! The first issue is addressed by properly
taking into account the fact that real activity indicators are available with some lag.

The second issue is addressed by comparing the out-of-sample forecasting performance

I Additional evidence supporting the use of small panels of macroeconomic indicators is provided
in Fossati (2012). This paper compares the performance of a “small data” dynamic factor and a
“big data” principal components factor as predictors of current NBER recessions using both binary
class models and Markov-switching models. The results show that models based on the “small data”
dynamic factor generate the sequence of out-of-sample class predictions that better approximates
subsequently declared NBER recession dates.



of the models using both ex-post revised data and real-time data.

The main results of this paper can be summarized as follows. First, probit models
that use only financial indicators as predictors of future NBER recessions exhibit a
large deterioration in fit after 2005. On the other hand, probit models that use both
financial and real activity indicators directly or through a macro factor maintain their
fit throughout the sample and exhibit a better forecasting performance during the
2008-2009 recession. Second, probit models that use macro factors as predictors yield
better in-sample fit than models that use indicators directly. Relative to the models
proposed in Estrella and Mishkin (1998), Wright (2006), and Katayama (2010), the
improvement can be substantial. Third, (pseudo) out-of-sample forecasting exercises
designed to mimic real-time conditions confirm that forecasts from the probit models
based on macro factors dominate forecasts from models previously considered in the
literature. These results hold for 3-, 6-, and 12-month forecasting horizons using both
ex-post revised data and real-time data. Finally, the results in this paper provide some
evidence on the issue of data revisions and factor models. In particular, data revisions
appear to affect the real activity factor less than the individual real activity indicator
(employment), a result conjectured in Berge and Jorda (2011) and Chen et al. (2011).
As a result, probit models based on macro factors provide the best and most robust
predictive performance for NBER recessions at all horizons considered in this paper.

This paper is organized as follows. Section 2 discusses the estimation of a dynamic
macro factor from each of the three panels of macroeconomic indicators using Bayesian
methods. Section 3 presents the predictive probit regressions and forecast evaluation
statistics. Section 4 presents the empirical results. The in-sample results are presented
in section 4.1. Out-of-sample results using both ex-post revised data and real-time

data are presented in section 4.2. Section 5 concludes.



2 Estimation of Macro Factors

In this paper, instead of estimating latent common factors from a large panel of
monthly macroeconomic indicators using principal components as in Stock and Wat-
son (2002a,b, 2006), among others, I consider three small panels of indicators. These
are: (1) a bond and exchange rates data set of 22 financial indicators including inter-
est rates, interest rate spreads, and exchange rates; (2) a data set of 4 stock market
indicators including stock price indexes, dividend yield, and price-earnings ratio; (3) a
data set of 4 real activity indicators including industrial production, personal income
less transfer payments, real manufacturing trade and sales, and employment. Dynamic
factors estimated from each of these panels have been found useful in many forecasting
exercises. For example, Ludvigson and Ng (2009) show that an important amount of
variation in the two-year excess bond returns can be predicted by factors estimated
from panels (1) and (2). Likewise, panel (3) has been used in Stock and Watson (1991),
Diebold and Rudebusch (1996), Kim and Nelson (1998), Chauvet (1998), Chauvet and
Piger (2008), Camacho et al. (2011), and Fossati (2012), among others, to model real-
time business conditions. For each of these three panels, I estimate a dynamic factor

model using Bayesian methods and the following framework.

Let x; be a T x N panel of macroeconomic indicators where x;, ¢ = 1,..., N,
t=1,...,T, has a factor structure of the form
Ty = Ni(L) gy + e, (1)

where g; is an unobserved dynamic factor, A\;(L) = Njo+ AL + ...+ X\;sL°, \;; are the
dynamic factor loadings, and e;; is the idiosyncratic error. The dynamics of the latent

factor are driven by an autoregressive process such that

(L)ge = 1y, (2)



where ¢(L) is a polynomial in L of order p, and 5, ~ i.i.d. N(0,07). In addition, the
dynamics of the idiosyncratic errors are also driven by autoregressive processes such

that
%(L)eit = Vit, (3)

where 1;(L) is a polynomial in L of order p, and v;; ~ i.i.d. N(0,02) for i =1,..., N.
With N = 4, this is the dynamic factor model considered in Stock and Watson (1991).

For each of the three panels I estimate the dynamic factor model for the period
1967:1-2010:12, with the data transformed to ensure stationarity, and standardized
prior to estimation.? The factor model specification is completed by assuming s = 2
and p, = p. = 1 for every panel so that \;(L) = \jo+ A1 L+ M2 L?, ¢(L) = 1 —¢L, and
(L) =1—;Lfori=1,..., N. For estimation, the dynamic factor model is written
in state-space form and estimated via Gibbs sampling following Kim and Nelson (1999)
and Ludvigson and Ng (2009). Identification is achieved by setting the factor loading
on the first time series in each panel to 1, i.e. A\jg = 1. Finally, the parameters \;; and
1; are initialized to zero, ¢, 02, and o? are initialized to 0.5, and principal components
is used to initialize the dynamic factor. The Gibbs sampler runs 6,000 times. After
discarding the first 1,000 draws (burn-in period), posterior means are computed using a
thinning factor of 10, i.e. computed from every 10th draw. As a result, the subsequent
analysis is based on the means of these 500 draws. The estimated macro factors (g

for i = 1,2,3) are presented in Figure 1.

[FIGURE 1 ABOUT HERE |

2 A complete description of the series and transformations is given in the appendix.



3 Predictive Regressions and Forecast Evaluation

Following Wright (2006), let y;;1, be a binary variable which equals 1 if the NBER’s
Business Cycle Dating Committee subsequently declared any of the months ¢ + 1
through t+h as a recession and 0 otherwise. A forecast of the probability of a recession

in the next h months (p;s1p) from a probit regression is then given by

Pti+h = P(Z/tt+h =1 ’ Zt) = ‘b(ﬂlzt), (4)

where ®(-) is the standard normal cumulative distribution function, /5 is a vector of
coefficients, and z; is a k x 1 vector of predictors including an intercept.

Among the many potential predictors considered in the literature, the slope of
the yield curve (or term spread) has been found to be a robust predictor of U.S.
recessions. Estrella and Mishkin (1998), for example, conclude that the 3-month less
10-year term spread is the single best predictor of future recessions when looking at
a horizon of two to four quarters. In addition, they find that stock price indexes can
improve predictions and conclude that a model that uses these two financial indicators
together gives a better out-of-sample predictive performance than one that uses the
term spread alone. Similarly, Wright (2006) finds that a model using both the term
spread and the level of the federal funds rate yields a better performance than a model
using the term spread alone. Recently, Katayama (2010) analyzed the forecasting
performance of 33 macroeconomic indicators using a 6-month horizon and concludes
that the combination of the term spread, month-to-month changes in the S&P 500
index, and the growth rate of non-farm employment generates the sequence of out-of-
sample recession probabilities that better fits subsequently declared NBER recession
dates. Based on these studies, four indicators are selected as candidate regressors: (1)

the 3-month less 10-year term spread (310TS); (2) the level of the federal funds rate



(FFR); (3) the growth rate of the S&P 500 stock market index (SP500); (4) the growth
rate of non-farm employment (EMP). In addition to these four indicators, I consider
the three macro factors discussed in the previous section. As a result, in this paper I
consider a regressor set of seven indicators: (3107°S;, F'F'R;, SP500,, EMP;, G1¢, Got,
gsat), with probit models restricted to a maximum number of three predictors (plus an
intercept). In total, sixty-three alternative models are evaluated.

I evaluate the in-sample fit of each candidate model using McFadden’s pseudo-R?

(R7,;) and the Bayesian Information Criterion (BIC). The R} ; is defined as

InL

- In L07 (5)

2
R, =1

where In L is the value of the log likelihood function evaluated at the estimated pa-
rameters and In L is the log likelihood computed only with a constant term. The BIC

for a model with k predictors is defined by

kInT
BIC = In6? + ;, (6)

where ¢ is the regression’s standard error and 7' is the sample size.
Out-of-sample predicted probabilities of recession are evaluated using two statistics.
The first statistic is the quadratic probability score (QPS), equivalent to the mean

squared error, which is defined by
2 —
QPS = = Z(ytt—l-h — Prern)’, (7)

t=1
where T is the effective number of out-of-sample forecasts and p; ., is the predicted
probability of recession for months ¢+ 1 through ¢+ h for a given model. The QPS can
take values from 0 to 2 and smaller values indicate more accurate predictions. Finally,

recession probabilities are evaluated using the log probability score (LPS), which is



given by

T*
1 . .
LPS = T tzl [Ytt+n 108 (Pre4n) — (1 — Yeern) log(l — Prevn)] - (8)

The LPS can take values from 0 to 400 and smaller values indicate more accurate
predictions. Compared to the QPS, the LPS score penalizes large errors more heavily.

See, e.g., Katayama (2010) and Owyang et al. (2012).

4 Results

4.1 In-Sample Results

Each of the predictive probit regressions is first estimated using data starting in 1967:1
and ending in 2005:12, as in Wright (2006) and Katayama (2010). Next, the end of
the sample is set at 2010:12 in order to include the 2008-2009 recession. In both cases,
data corresponds to the March 2011 vintage and the macro factors for the in-sample
analysis are estimated using the full sample of time series information. The results are
shown for three alternative forecast horizons: h = 3, 6, and 12 months. In all cases,
it is assumed that predicted recession probabilities for months ¢ + 1 through ¢ + A
are generated based the information available at month ¢. In the case of the financial
indicators, the factor g;; (bond and exchange rates), and the factor go; (stock market),
the information set includes data up to time ¢. In the case of the real activity indicator
and the factor gs; (real activity), however, the information set includes data only up to
time t — 1. As a result, real activity indicators enter the predictive regressions lagged
one month.

While the analysis considers a total of sixty-three alternative predictive models,



results for only ten models are discussed here.? Table 1 summarizes, in no particular
order, the ten models discussed in this paper. Model 1, the baseline model, uses the
3-month less 10-year term spread as predictor. Model 2 uses both the term spread and
the level of the federal funds rate. This model is found to give the best performance in
Wright (2006). Models 3 uses both the term spread and month-to-month percentage
changes in the S&P 500 stock market index. This model is found to give the best
performance in Estrella and Mishkin (1998). Model 4 adds the growth rate of non-
farm employment to model 3. This is the best performing model in Katayama (2010).
The remaining six models are the ones that exhibit the best performance in this paper:
i.e., models that were ranked at least as top 3 by at least one of the forecast evaluation
statistics discussed in the previous section. Note that all the top performing models
include at least one macro factor as predictor. For example, models 5 and 6 include
the real activity factor, model 7 includes the stock market factor, and models 8 and 9
include both the real activity and stock market factors. Finally, model 10 is a factor-

only probit model.
[ TABLE 1 ABOUT HERE |

Table 2 (panel A) reports the in-sample anf and BIC for A = 3 months. Several
results stand out. First, probit models based only on financial indicators (models 1,
2, and 3) exhibit a large deterioration in fit after 2005. For example, in the case of
model 2 (Wright, 2006), the R? , falls 62% when the sample is extended to include
the 2008-2009 recession. On the other hand, probit models that use the real activity
indicator directly (models 4 and 7) or the real activity factor (models 5, 6, 8, 9, and 10)

maintain their fit throughout the sample and exhibit a better forecasting performance

3 Results for the remaining models are available upon request.



during the 2008-2009 recession. As noted in Estrella and Mishkin (1998), Katayama,
(2010), and Owyang et al. (2012), among others, real economic activity indicators
can improve recession forecasts, particularly at short horizons. Second, probit models
that use macro factors as predictors yield better in-sample fit than models that use
macroeconomic indicators directly. For example, replacing employment with the real
activity factor (i.e., comparing models 4 and 6) improves anf by 18% and the overall
model’s ranking, based on the BIC, from 26th to 4th. In fact, based on both the anf
and the BIC, all the top ranked models include at least one macro factor as predictor
(see Table 1). Overall, model 8 (which uses 3107'S, §ot, and gs;) is the best fitting

model when looking at recessions over the next 3 months.
| TABLE 2 ABOUT HERE |

Tables 3 and 4 (panel A) report the in-sample anf and BIC for h =6 and h = 12
months, respectively. The main results are similar to those found for h = 3. First,
probit models that use both financial and real activity indicators yield better in-sample
fit than models with financial indicators alone. Second, probit models that use macro
factors as predictors of NBER recessions give better fit than models that use indicators
directly. Relative to the models proposed in Estrella and Mishkin (1998), Wright
(2006), and Katayama (2010), the improvement can be substantial. For example,
model 8 improves the R? ; of these models by 14% to 285%. Finally, based on the

BIC, model 8 is the best fitting model at all horizons.

[ TABLES 3, AND 4 ABOUT HERE |
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4.2 Out-of-Sample Results

To provide a more accurate assessment of the predictive regressions, in this section I
evaluate the out-of-sample performance of the models in two (pseudo) real-time fore-
casting exercises. The first exercise uses ex-post revised data, corresponding to the
March 2011 vintage, to generate out-of-sample predicted recession probabilities for
each of the sixty-three models and the three forecast horizons (h = 3, 6, and 12
months). The first forecast is made for 1988:2 and the last for 2010:12 — h. As a
result, the hold-out sample includes 272 out-of-sample predictions when A = 3, 269
predictions when h = 6, and 263 predictions when A = 12. In these three cases, the
hold-out sample includes the last three recessions. The dynamic factors are estimated
recursively, each period using revised data up to time ¢, and expanding the estimation
window by one observation each month. The models are also estimated recursively
and used to generate a recession probability for months ¢ + 1 through ¢ + h based the
information available at month ¢. Again, in the case of the financial indicators and
the macro factors g, and g9, the information set includes data up to t. In the case of
the real activity indicators and the real activity factor gs;, the information set includes
data only up to t — 1 (i.e., lagged one month).

Table 2 (panel B) reports the out-of-sample QPS and LPS for A = 3 months.
These forecast evaluation statistics suggest that the out-of-sample performance of the
models that use macro factors is better than the models that use macroeconomic
indicators directly. For example, replacing employment with the real activity factor
(i.e., comparing models 4 and 6) improves the model’s ranking from 8th to 2nd based
on the QPS and from 12th to 2nd based on the LPS. Furthermore, all the top ranked
models include at least one macro factor as predictor, a result consistent with what was

found in-sample. Overall, model 8 (which uses 3107'S, g2, and §3;) is the best fitting
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model when looking at recessions over the next 3 months.* Relative to model 4, the
model found to give the best performance in Katayama (2010), model 8 reduces the
QPS by 13% and the LPS by 12%. Again, the general result is that probit models that
use real activity indicators directly or via the real factor exhibit a substantially better
forecasting performance than models based only on financial indicators. Relative to
models proposed in Estrella and Mishkin (1998) and Wright (2006), model 8 reduces
the QPS by 44% to 48% and the LPS by 44% to 51% when looking at a 3-month
horizon.

Tables 3 and 4 (panel B) report the out-of-sample QPS and LPS for A = 6 and
h = 12 months, respectively. The main results are similar to those found for h = 3.
First, probit models that use macro factors give better out-of-sample fit than models
that use indicators directly. Additionally, models that use both financial and real
activity indicators give better out-of-sample fit than models with financial indicators
alone. Overall, model 8 is the best fitting model at all horizons. For h = 6 and h = 12,
the improvement relative to the models proposed in Estrella and Mishkin (1998) and
Wright (2006) can be substantial. For example, model 8 reduces the QPS by 41%
to 45% and the LPS by 41% to 49%. The improvement in out-of-sample forecasting
performance relative to the model proposed in Katayama (2010) is smaller. Specifically,
model 8 reduces the QPS by 11% to 17% and the LPS by 10%.

The second exercise examines the robustness of the results obtained above using
real-time vintage data (i.e., data as it was available at the time the prediction would
have been generated) instead of using ex-post revised data. This, of course, is only

relevant for the real activity indicators. Out-of-sample predicted recession probabilities

4 Based on the out-of sample performance, model 8 exhibits only a slight edge over model 6. As
a result, the main source of improvement appears to be the use of the real activity factor instead of
employment in the forecasting models.
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are now generated starting with the 1988:2 forecast. The last forecast corresponds to
2002:12 for all h. As a result, the hold-out sample includes two recessions and 179
out-of-sample predictions. Again, the macro factors are estimated recursively, each
period using real-time data available at time ¢, and expanding the estimation window
by one observation each month. The models are also estimated recursively and used to
generate a recession probability for months ¢ + 1 through ¢ + A based the information
available at month ¢ with the real activity indicators and the real activity factor lagged
one month.

Tables 2, 3, and 4 (panel C) report the out-of-sample QPS and LPS using both
ex-post revised data (labeled #P) and real-time data (labeled #7) for h = 3, 6, and
12 months, respectively. The results from this out-of-sample forecasting exercise using
real-time data confirm the overall conclusions from the previous exercise using revised
data. In particular, models that use macro factors give better out-of-sample fit than
models that use macroeconomic indicators directly. Based on real-time predicted reces-
sion probabilities, model 8 is again the best fitting model at all horizons. For example,
relative to the models proposed in Estrella and Mishkin (1998) and Wright (2006),
model 8 reduces the QPS by 32% to 44% and the LPS by 31% to 40%. Relative to the
model proposed in Katayama (2010), model 8 reduces the QPS by 19% to 26% and
the LPS by 16% to 23%. As a result, the improvement in out-of-sample forecasting
performance relative to the model proposed in Katayama (2010) is more important
when using real-time data.

Figures 2, 3, and 4 show the out-of-sample predicted probabilities of recession based
on revised and real-time data for h = 3, 6, and 12 months, respectively. Results for
models 2, 3, 4, and 8 are presented. NBER recession months are shown as shaded

areas. Vertical lines before each recession indicate the date we would like to see the
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probabilities rise (i.e., h months before the beginning of the recession). As noted
above, the out-of-sample predictive performance of model 2 (Estrella and Mishkin,
1998) and model 3 (Wright, 2006) is poor. For h = 3 and h = 6, recession probabilities
from these models are low for most of the hold-out sample. For h = 12, predicted
probabilities are high before actual recession periods, consistent with the improved
anf found in-sample, but drop too soon. On the other hand, including real activity
indicators contributes to make stronger predictions with probabilities that are closer
to 1 before and during NBER recessions. As can be seen, model 4 (Katayama, 2010)
and model 8 (which uses 3107'S, go;, and gs;) exhibit a better performance, with high
predicted probabilities preceding actual recession periods. Overall, model 8 is the best
performing model as it generates recession probabilities that are smooth and closer to 0
during expansions and to 1 during recessions, a result consistent with the out-of-sample

QPS and LPS scores reported above.

[ FIGURES 2, 3, AND 4 ABOUT HERE |

Another result that emerges from these figures is that recession probabilities gener-
ated by model 8 are smooth when computed using both ex-post revised data as well as
with real-time data. In fact, in the case of model 8, recessions probabilities generated
with real-time data generally overlap with probabilities generated using revised data.
On the other hand, model 4 generates recession probabilities that are smooth when
computed using ex-post revised data while much more volatile when using real-time
data. This result explains why we observed a larger deterioration in out-of-sample
forecasting performance in model 4 (relative to model 8 and other models using macro
factors) when probabilities are generated using real-time data. Therefore, this result
provides some evidence on the issue of data revisions and factor models. As conjec-

tured in Berge and Jorda (2011) and Chen et al. (2011), data revisions appear to affect

14



the real activity factor less than the individual real activity indicators (in this case

employment).

5 Conclusion

This paper uses dynamic latent factors estimated from small panels of macroeconomic
indicators to predict future NBER recession dates. The results show that probit models
based on macro factors exhibit a better predictive performance than models that use
macroeconomic indicators directly. These results hold in-sample and out-of-sample,
for a forecasting horizon of 3, 6, and 12 months, and using both ex-post revised data
and real-time data. Additionally, this paper shows that data revisions appear to affect
the macro factors less than the individual indicators. Overall, probit models based
on macro factors provide the best and most robust predictive performance for NBER

recessions at all horizons considered in this paper.
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6 Data Appendix

The following table lists the short name, transformation applied, and a data description
of each series in the three groups considered. All bond, exchange rates, and stock
market series are from FRED (St. Louis Fed), unless the source is listed as GFD
(Global Financial Data), or AC (author’s calculation). Vintage data for the real factor
are from the Philadelphia Fed’s real-time data set or provided by Marcelle Chauvet.
The transformation codes are: 1 = no transformation; 2 = first difference; 3 = second
difference; 4 = logarithm; 5 = first difference of logarithms; 6 = second difference of

logarithms.
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Short Name

Trans.

Description

Bond and Exchange Rates Factor

Fed Funds
Comm paper
3-m T-bill
6-m T-bill
1-y T-bond
5-y T-bond
10-y T-bond
AAA bond
BAA bond
10 CP spread

11 3-m spread
12 6-m spread
13 1-y spread

14 5-y spread

15 10-y spread
16 AAA spread
17 BAA spread
18  Ex rate: index
19 Ex rate: Swit
20 Ex rate: Jap
21  Ex rate: U.K.
22  Ex rate: Can

0O Ui Wi

Ne

U T UL Ul R H H B F RN DNNDDNDDNDNDN

Interest Rate: Federal Funds (Effective) (% per annum)
Commercial Paper Rate

Interest Rate: U.S.Treasury Bills, Sec Mkt, 3-Mo. (% per annum)
Interest Rate: U.S.Treasury Bills, Sec Mkt, 6-Mo. (% per annum)
Interest Rate: U.S.Treasury Const Maturities, 1-Yr. (% per annum)
Interest Rate: U.S.Treasury Const Maturities, 5-Yr. (% per annum)
Interest Rate: U.S.Treasury Const Maturities, 10-Yr. (% per annum)
Bond Yield: Moody’s AAA Corporate (% per annum) (GFD)

Bond Yield: Moody’s BAA Corporate (% per annum) (GFD)
Comm paper — Fed Funds (AC)

3-m T-bill — Fed Funds (AC)

6-m T-bill — Fed Funds (AC)

1-y T-bond — Fed Funds (AC)

5-y T-bond — Fed Funds (AC)

10-y T-bond — Fed Funds (AC)

AAA bond — Fed Funds (AC)

BAA bond - Fed Funds (AC)

Exchange Rate Index (Index No.) (GFD)

Foreign Exchange Rate: Switzerland (Swiss Franc per U.S.$)
Foreign Exchange Rate: Japan (Yen per U.S.$)

Foreign Exchange Rate: United Kingdom (Cents per Pound)
Foreign Exchange Rate: Canada (Canadian$ per U.S.$)

Stock Market Factor

1 S&P 500 5 S&P’s Common Stock Price Index: Composite (1941-43=10) (GFD)

2 S&P indst 5 S&P’s Common Stock Price Index: Industrials (1941-43=10) (GFD)

3 S&P div yield 5 S&P’s Composite Common Stock: Dividend Yield (% per annum) (GFD)
4  S&P PE ratio 5 S&P’s Composite Common Stock: Price-Earnings Ratio (%) (GFD)

Real Factor

1 IP 5 Industrial Production Index - Total Index

2  PILT 5 Personal Income Less Transfer Payments

3 MTS 5 Manufacturing and Trade Sales

4  Emp: total 5 Employees On Nonfarm Payrolls: Total Private
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Table 1: Selected Forecasting Models for NBER Recessions

Predictors Model
1 2 3 4 5 6
1 3107'S; 3-Month less 10-Year Spread v v v v v v Y
2 FFR; Federal Funds Rate v v
3 SP500; S&P 500 (% change) v v v
4 EMP, Employment (% change) v v
5 0w Bond and Exchange Rates Factor v
6 got Stock Market Factor v v
T g3t Real Factor v v
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Table 2: Forecasting NBER Recessions Over the Next 3 Months

Sample Statistic Model
1 2 3 4 5 6 7 8 9 10

(A) In-Sample Fit

1967:01 — 2005:12 anf 0.10 0.21 011 039 048 047 041 049 049 048

1967:01 — 2010:12 anf 0.06 0.08 0.07 038 045 045 040 047 047 0.46
BIC -1.92 -1.98 -1.95 -2.30 -2.38 -2.40 -2.35 -2.46 -2.46 -2.45
Ranking 63 55 60 26 9 4 12 1 2 3

(B) Out-of-Sample Fit: Revised Data

1988:02 — 2010:09 QPS 0.27 027 025 016 0.17 0.15 0.16 0.14 0.16 0.15
Ranking 61 59 46 8 13 2 7 1 6 3
LPS 044 047 041 026 025 024 026 023 025 0.25
Ranking 47 61 45 12 7 2 10 1 4 5

(C) Out-of-Sample Fit: Revised Data vs. Real-Time Data

1988:02 — 2002:12 QPSRP 0.21 020 021 014 014 0.12 0.14 012 0.14 0.14
QPSRT 0.16 0.15 0.13 0.16 0.13 014 0.15
LPS®P 036 035 035 0.23 021 020 023 020 022 022
LPSRT 0.27 0.23 0.22 026 021 023 0.24

Note: R% 7 is McFadden’s pseudo-R? and BIC is the Bayesian Information Criterion from the maximum likelihood
estimation of the probit models at a horizon of A months. QPS is the quadratic probability score and LPS is the
log probability score. A score computed using revised data is labeled . A score computed using real-time data

is labeled *T. Models are ranked from 1 to 63.
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Table 3: Forecasting NBER Recessions Over the Next 6 Months
Sample Statistic Model
1 2 3 4 5 6 7 8 9 10

(A) In-Sample Fit

1967:01 — 2005:12 anf 0.18 029 0.19 043 052 050 045 053 049 0.52

1967:01 — 2010:12 R?nf 0.10 0.14 0.13 041 047 047 044 050 046 0.48
BIC -1.84 -1.92 -1.89 -2.26 -2.33 -235 -231 -2.41 -232 -2.38
Ranking 61 51 58 18 4 3 8 1 ) 2

(B) Out-of-Sample Fit: Revised Data

1988:02 — 2010:06 QPS 031 031 029 0.19 020 017 0.19 0.17v 020 0.20
Ranking 57 56 46 3 11 1 4 2 10 8
LPS 049 053 046 030 030 0.27 030 0.27 031 0.31
Ranking 47 59 45 7 5 2 8 1 11 10

(C) Out-of-Sample Fit: Revised Data vs. Real-Time Data

1988:02 — 2002:12 QPSRP 0.26 025 024 0.17 0.17 014 0.17 0.14 0.18 0.18
QPSRT 019 0.8 015 0.19 014 0.18 0.18
LPSRD 041 040 039 028 026 023 028 023 028 0.28
LPSRT 0.31 027 025 031 024 028 0.29

Note: R? . is McFadden’s pseudo-R? and BIC is the Bayesian Information Criterion from the maximum likelihood
estimation of the probit models at a horizon of h months. QPS is the quadratic probability score and LPS is the
log probability score. A score computed using revised data is labeled %P. A score computed using real-time data
is labeled 7. Models are ranked from 1 to 63.
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Table 4: Forecasting NBER Recessions Over the Next 12 Months

Sample Statistic Model
1 2 3 4 5 6 7 8 9 10

(A) In-Sample Fit

1967:01 — 2005:12 anf 031 045 031 047 059 052 048 053 045 0.58

1967:01 — 2010:12 R?nf 0.21 025 0.23 043 050 047 044 049 039 0.51
BIC -1.82 -1.92 -1.87 -2.15 -231 -227 -2.19 -2.32 -2.07 -2.30
Ranking 46 33 43 17 2 D 13 1 21 3

(B) Out-of-Sample Fit: Revised Data

1988:02 — 2009:12 QPS 03 036 034 024 026 021 023 020 029 0.28
Ranking 48 45 38 6 7 2 3 1 14 10
LPS 0.54 063 051 036 039 033 036 032 042 041
Ranking 43 56 36 6 7 2 ) 1 13 10

(C) Out-of-Sample Fit: Revised Data vs. Real-Time Data

1988:02 — 2002:12 QPSRD 0.31 0.28 0.29 0.21 0.21 0.18 0.21 0.16 0.25 0.25
QPSRT 024 022 020 023 019 026 0.26
LPS®P 046 046 045 034 033 029 033 028 037 0.37
LPSRT 037 035 032 036 031 0.38 0.40

Note: R? . is McFadden’s pseudo-R? and BIC is the Bayesian Information Criterion from the maximum likelihood
estimation of the probit models at a horizon of h months. QPS is the quadratic probability score and LPS is the
log probability score. A score computed using revised data is labeled %P. A score computed using real-time data

is labeled 7. Models are ranked from 1 to 63.
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(1) Bond and Exchange Rates Factor
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Figure 1: Estimated dynamic macro factors (posterior means) for the full sample.
Shaded areas denote NBER recession months.
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Figure 2: Out-of-sample predicted probabilities of a recession within the next 3 months
for models 2, 3, 4, and 8. Revised (blue / dark) and real-time data (magenta / light).
Shaded areas denote NBER recession months. Vertical lines denote the date we would
like to see the probabilities rise (i.e., 3 months before the beginning of the recession).
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Figure 3: Out-of-sample predicted probabilities of a recession within the next 6 months
for models 2, 3, 4, and 8. Revised (blue / dark) and real-time data (magenta / light).
Shaded areas denote NBER recession months. Vertical lines denote the date we would
like to see the probabilities rise (i.e., 6 months before the beginning of the recession).
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Figure 4: Out-of-sample predicted probabilities of a recession within the next 12
months for models 2, 3, 4, and 8. Revised (blue / dark) and real-time data (ma-
genta / light). Shaded areas denote NBER recession months. Vertical lines denote the
date we would like to see the probabilities rise (i.e., 12 months before the beginning of
the recession).

28



Department of Economics, University of Alberta
Working Paper Series

http://www.economics.ualberta.caZen/WorkingPapers.aspx

2013-02: Strategic Investments under Open Access: Theory and Evidence — Klumpp, T., Su,
X.

2013-01: Gender Wage-Productivity Differentials and Global Integration in China — Dammert,
Ural-Marchand, B., Wan

2012-25: College Expansion and Curriculum Choice — Su, X., Kaganovich, Schiopu

2012-24: Exclusionary Vertical Restraints and Antitrust: Experimental Law and Economics
Contributions — Landeo, C.

2012-23: Competition Between Sports Leagues: Theory and Evidence on Rival League
Formation in North America — Che, X., Humphreys, B.

2012-22: Earnings and Performance in Women'’s Professional Alpine Skiing — Che, X.,
Humphreys, B.

2012-21: The Effect of Electricity Retail Competition on Retail Prices — Su, X.
2012-20: Matching Funds in Public Campaign Finance — Klumpp, T. Mialon, H. Williams, M.

2012-19: File Sharing, Network Architecture, and Copyright Enforcement: An Overview —
Klumpp, T.

2012-18: Money Talks: The Impact of Citizens United on State Elections — Klumpp, T.,
Mialon, H., Williams, M.

2012-17: Food for Fuel: The Effect of U.S. Energy Policy on Indian Poverty — Chakravorty, U.,
Hubert, M., Ural-Marchand, B.

2012-16: New Casinos and Local Labor Markets: Evidence from Canada — Humphreys, B.,
Marchand, J.

2012-15: Playing against an Apparent Opponent: Incentives for Care, Litigation, and Damage
Caps under Self-Serving Bias — Landeo, C., Nikitin, M., Izmalkov, S.

2012-14: It Takes Three to Tango: An Experimental Study of Contracts with Stipulated
Damages — Landeo, C., Spier, K.

2012-13: Contest Incentives in European Football - Humphreys, B., Soebbing, B.

2012-12: Who Participates in Risk Transfer Markets? The Role of Transaction Costs and
Counterparty Risk — Stephens, E., Thompson, J.

2012-11: The Long Run Impact of Biofuels on Food Prices — Chakravorty, U., Hubert, M.,
Ngstbakken, L.

2012-10: Exclusive Dealing and Market Foreclosure: Further Experimental Results — Landeo,
C., Spier, K.

2012-09: Playing against an Apparent Opponent: Incentives for Care, Litigation, and Damage
Caps under Self-Serving Bias — Landeo, C., Nikitin, M., Izmalkov. S.

2012-08: Separation Without Mutual Exclusion in Financial Insurance — Stephens, E.,
Thompson, J.

2012-07: Outcome Uncertainty, Reference-Dependent Preferences and Live Game
Attendance — Coates, D., Humphreys, B., Zhou, L.

2012-06: Patent Protection with a Cooperative R&D Option — Che, X.

2012-05: Do New Sports Facilities Revitalize Urban Neighborhoods? Evidence from
Residential Mortgage Applications — Huang, H., Humphreys, B.

2012-04: Commercial Revitalization in Low-Income Urban Communities: General Tax
Incentives vs Direct Incentives to Developers — Zhou, L

Please see above working papers link for earlier papers

WWwW.economics.ualberta.ca




	Introduction
	Estimation of Macro Factors
	Predictive Regressions and Forecast Evaluation
	Results
	In-Sample Results
	Out-of-Sample Results

	Conclusion
	Data Appendix

