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Abstract

We develop a novel multinomial logistic model to detect and forecast concurrent
recessions across multi-countries. The key advantage of our proposed framework is
that we can detect recessions across countries using the additional informational con-
tent from the cross-country panel feature of the data. Furthermore, in a simulation
study, we show that our proposed model accurately captures the true underlying
probabilities. Finally, we apply our proposed framework to a US and UK empirical
application. In terms of recession forecastability, the multinomial logistic model with
both countries’ interest rate spread and the weekly US NFCI as the set of exogenous
predictors was the best performing model. For the counterfactual analysis, we found
that a previous US recession will increase the probability of a recession occurring
jointly in the US and the UK. However, a tightening of the US NFCI and a negative
interest rate spread in both countries only increases the probability of a recession
exclusively in the US and UK, respectively.
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1 Introduction

If the US is in a recession, what are the chances of the UK being in a recession too? This
question should be highly relevant today in an ever-increasing globalized world. Since the rapid
technological progress made through the early 21st century, countries worldwide are more inter-
connected than ever. In particular, financial integration has allowed investors and firms to invest
and operate in multiple countries simultaneously with relative ease. Thus, economies around
the world should be highly dependent on each other. The US is the largest open economy in the
world, and numerous studies have documented the spillover effects of US economic performance
and policy changes across different countries in the world (see Bagliano and Morana (2012),
Kose et al. (2017), Fadejeva et al. (2017) and Bhattarai et al. (2020)). Furthermore, a recent
study by Kose et al. (2020) highlights that in the last 70 years, the world economy has experi-
enced four global recessions. Therefore, it is highly likely that recessions are dependent across
multi-countries, especially in the US economy.

Forecasting the probability of a recession occurring concurrently across countries should be at
the forefront of every policymaker and central banker worldwide. However, surprisingly, much
of the vast previous literature has only focused on modeling recessions exclusively on the US
economy. For instance, studies by Chauvet and Potter (2002), Kauppi and Saikkonen (2008) and
Rudebusch and Williams (2009) develop various econometric strategies to forecast the recession
probabilities in the US. To overcome this gap in the literature, we develop a novel multinomial
logistic model that allows us to forecast the probability of a recession occurring concurrently
across multi-countries. In addition, our proposed framework can also forecast the probability of
a recession occurring exclusively in a specific country.

Our paper is closely related to the study by Kauppi and Saikkonen (2008), where they forecast
US recession probabilities using a binary time-series model. However, in the context of our
framework, their model is a restricted version of our general multinomial logistic model for a
one-country case. The key advantage of our proposed framework is that it allows us to exploit
the cross-country panel structure of the data, which provides additional informational content in
detecting recessions individually and across countries. In contrast, the binary time-series model
utilized in Kauppi and Saikkonen (2008) is only applicable for an individual specific country
case and does not consider the interdependencies between countries.

Another alternative approach that could be used to forecast recession probabilities is the quali-
tative VAR framework of McCracken et al. (2022). The advantage of using a qualitative VAR
is that it captures the endogenous relationship between the binary events and other observed
variables. However, estimating a qualitative VAR model can be computationally challenging as
the model dimensions increase. In particular, sampling the latent variables associated with the
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binary events typically employs a single-move sampler, which generates a single latent variable
at a time. This would be computationally costly when modeling multiple binary indicators
concurrently. In contrast, our proposed model is simpler formulation than the qualitative VAR.
We can model multiple binary indicators concurrently in a simple and efficient manner.

Our proposed model can also be formulated in a general Markov-switching framework. There
have been many studies in the literature that employ the use of Markov-switching models to
detect recession probabilities in the US (see Kim and Nelson (1999), Chauvet and Potter (2002),
Nalewaik (2012) and Guérin and Marcellino (2013)). However, in all these previous studies,
they assume the transition probabilities, the likelihood that the current regime stays the same
or changes, is homogeneous time-invariant. In contrast, our model can be interpreted as a
more flexible alternative Markov-switching model with non-homogeneous time-varying transition
probabilities and cross-country dependence.

Empirically, our paper also extends the existing literature on the prediction of recession using
financial variables in two folds. First, many of the previous studies have only focused on predict-
ing recessions using their respective interest rate (or yield) spread (see Estrella and Hardouvelis
(1991), Estrella and Mishkin (1998), Estrella et al. (2003) and Haubrich (2006)). However, our
proposed model specification considers a set of multi-countries interest rates (or yield) spread to
predict recessions across countries. Moreover, we can directly infer whether another country’s
interest rate spread can predict a specific country’s recession. Second, we build on the recent
work by Adrian et al. (2019) by incorporating the Chicago Fed’s weekly US National Financial
Condition Index (NFCI) into our model specification. The key insight from the study by Adrian
et al. (2019) is that they find deteriorating financial conditions lead to a large increase in down-
side risk for US Real GDP. Including US NFCI in our proposed framework allows us to be the
first study in the literature to explicitly test whether NFCI is a good predictor of recessions in
the US and abroad.

From a methodological perspective, we provide three important contributions. First, we extend
the Polson et al. (2013) state-of-the-art Bayesian multinomial logistic model to the dynamic case
that jointly models recession occurrence between two or more countries. To capture the dynamic
interdependencies between countries, we follow Canova and Ciccarelli (2013) by including the
lagged terms of each country’s recession indicators in the model specification. Second, we extend
the multinomial logistic model to a mixed frequency setting where we incorporate monthly and
weekly frequency variables into our proposed model. More specifically, we modelled the joint
recession probabilities across countries at a monthly frequency and in certain specifications, we
included a weekly NFCI and stock market index as exogenous predictors in the model. Therefore,
two of the three model specifications we proposed in the empirical application can be considered
a multinomial logistic mixed-data sampling (MIDAS) model. Moreover, including the weekly
variables in the model should provide additional information that can be used to strengthen the
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predictability of recessions across countries. Finally, we extend the multinomial logistic model
to a big data context by considering a large set of economic activity exogenous predictors in one
of our three proposed model specifications. To overcome the overparameterization problem in
this big data model, we implement Alhamzawi and Ali (2018) Bayesian adaptive lasso shrinkage
prior to the coefficients of the exogenous predictors, which implicitly selects the most important
exogenous regressors in the model.

To illustrate the accuracy of our proposed framework, we conducted a simulation study in
various settings. In particular, we estimate our multinomial logistic model on various data
generating processes (DGPs) of different sample sizes and the number of countries (or binary
indicators) specified in the model. We found that most of our proposed model’s estimated
posterior probabilities closely track their true DGP counterpart. Furthermore, we found that the
peaks in the true DGP probabilities are always captured by the estimated posterior probabilities
from the model. Finally, we found that the accuracy of our proposed model increases as the
sample size becomes larger, and the accuracy remains consistent as the number of countries
considered in the model increases. Therefore, given a sufficiently large sample size, our proposed
multinomial logistic model can accurately detect the probabilities across all the possible recession
and expansion outcomes occurring concurrently in multiple countries.

We apply our proposed framework to detect recessions between the United States (US) and the
United Kingdom (UK) economies. More specifically, we estimate three variants of the multino-
mial logistic model that differ based on their respective set of exogenous predictors. In terms of
the in-sample fit, we found that all three models produce the same model fit and posterior prob-
abilities. We also found that all three models were able to detect the four concurrent recessions
in both the US and UK that are classified as a global recession by Kose et al. (2020).

Similarly, for the out-of-sample forecasting exercise, we found all three models have the same
comparative short-term forecasting capabilities. However, on average, the multinomial logistic
model with both countries’ interest rate spread and the weekly US NFCI as the set of exogenous
predictors was the best performing model out of three models across the twelve forecast horizons.
Based on these results, we can infer two key insights. First, it appears that adding the high-
frequency weekly US NFCI as an exogenous predictor can improve the model’s forecastability.
This result is in line with the findings of Adrian et al. (2019) that deteriorating NFCI can be
a good predictor of recessions. Second, including a large set of economic activity exogenous
predictors in the model does not yield any additional forecasting gain. Thus, this implies that a
parsimonious multinomial logistic model consisting of only both countries’ interest rate spread
and the US NFCI is sufficient to forecast recessions across the US and UK economies.

We also undertake a counterfactual study to assess the potential drivers of both US and UK
recessions. We found three key findings. First, a tightening of the US NFCI increases the
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probability of a US-specific recession occurring by about 29 per cent. However, a tightening of
the US NFCI has minimal impact on recessions in the UK. This result further highlights the
findings of Adrian et al. (2019). Second, conditioning on a previous US recession, we found that
the probability of a recession occurring concurrently in both countries increased by about 25
per cent. In addition, we also found that the probability of a recession occurring exclusively
in the US and UK also increased by about 8 and 15 per cent, respectively. In contrast, a
previous UK recession only significantly influenced their respective economies. These results
are unsurprising given that the US and UK are large and small open economies, respectively.
Finally, we found that both countries’ negative interest rate spread increases the probability of
a UK-specific recession occurring by about 7-8 per cent. The preceding result implies that a
negative yield curve slope in both countries only affects future recessions in the UK.

The rest of the paper is organized as follows. Section 2 presents the proposed multinomial
logistic model in a general framework and an empirical application context. Section 3 reports
and discusses the results of the simulation study. Section 4 presents the empirical application
for detecting recessions jointly across the US and UK economies. Finally, section 5 concludes.

2 Methodology

This section introduces the multinomial logistic model for detecting concurrent recessions across
multi-countries. The first subsection describes the multinomial logistic model framework for
a general case with multiple discrete choices or binary variables. The following subsection
illustrates how the general multinomial logistic model framework can be applied to a US-UK
application. Finally, the last two subsections provide details on the data gathered for the
empirical application and the Bayesian estimation of the multinomial logistic model.

2.1 A General Multinomial Logistic Model

To detect the dependence of recessions across multi-countries, we propose a multinomial logistic
model. A multinomial logistic model is a flexible approach to model multiple discrete choices or
binary variables jointly. Specifically, we can define a categorical random variable for n countries
as

Yt =
2n∑
j=1

j

∏
i∈Pj

Iit


∏
i∈P c

j

(1− Iit)

 , (1)
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where Iit = 1 {country i recession} is each country i indicator function that denotes if the
country is in a recession or expansion at a particular time period. Furthermore, P can denote
the set of all non-empty subsets of {1, ..., n}, which intuitively can be interpreted as all possible
combinations of n binary outcomes1. Thus, the dim(P) = 2n. In terms of our application, each
Pj ∈ P can be interpreted as the set of countries in recessions and the complement of Pj is P cj ,
the set of countries in expansions.

Therefore, using (1), the probability of the vector of n binary variables falling within the j-th
category can be written as a logistic function

P(Yt = j|Xt = x) = exp (xβj)
1 +

∑2n−1
k=1 exp(xβk)

∀j = 1, ..., 2n − 1., (2)

where x is a vector of d× 1 explanatory variables and the last reference category can be defined
as

P(Yt = 2n|Xt = x) = 1
1 +

∑2n−1
k=1 exp(xβk)

, (3)

The main intuition behind the multinomial logistic model is that it allows the researcher to
infer the direct probability (or dependence) of recessions occurring across countries concurrently,
which is extracted from (2) and (3). In contrast, the study by Kauppi and Saikkonen (2008) is
only able to infer the probability of a recession of a specific country, which is a restricted case
where n = 1 under our proposed specification.

2.2 US-UK empirical application

We demonstrate our proposed framework by assessing whether there is a dependence on reces-
sions across the US and UK economies. For example, if the US is in a recession, it is highly
likely that the UK will be in recession, too, given that the US is a top trading partner of the
UK. Using our proposed multinomial logistic model, we can derive a probability measure of
recessions occurring concurrently across the US and UK. Formally, we can define a categorical
random variable for both the US and UK (n = 2) as

Yt = I1tI2t + 2(1− I1t)(1− I2t) + 3I1t(1− I2t) + 4(1− I1t)I2t, (4)
1For example, in a two country case, we have P = {P1, P2, P3, P4} where P1 = {1, 2}, P2 = φ, P3 = {1},

and P4 = {2}; in a three country case, we have P = {Pj}8
j=1 where P1 = {1, 2, 3}, P2 = φ, P3 = {1, 2}, P4 =

{2, 3}, P5 = {1, 3}, P6 = {1}, P7 = {2}, P8 = {3}.
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where I1t = 1{US recession} and I2t = 1{UK recession} are the corresponding recession
indicators for both the US and UK, respectively. From (4), we can derive four possible outcomes
from the categorical random variable Yt ∈ {1, 2, 3, 4}, they are:

Yt =



Yt = 1

Yt = 2

Yt = 3

Yt = 4

Both US and UK are in a concurrent recession,

Both US and UK are in a concurrent expansion,

US is in a exclusive recession,

UK is in a exclusive recession,

(5)

For each point of time, we also consider a d × 1 vector of exogenous predictors that includes a
constant term

Xt = [1, I1t−1, I2t−1, Zt] ∈ Rd, (6)

where I1t−1 and I2t−1 are the lagged recession indicators for US and UK, respectively. We
included these lagged indicators as it captures the dynamic interdependencies between both
countries according to Canova and Ciccarelli (2013). Zt is the z×1 vector of exogenous predictors
that contains both countries’ economic activity predictors and interest rate spreads. More
details of the selected exogenous predictors are explained below in the data section of the paper.
Therefore, the four probability measures extracted from the multinomial logistic model are

P (Yt = j|Xt = x) = exp(xβj)
1 +

∑3
k=1 exp(xβk)

∀j = 1, ..., 3., (7)

and the last reference category can be defined as

P (Yt = 4|Xt = x) = 1
1 +

∑3
k=1 exp(xβk)

. (8)

Note here the β is a d× 1 vector of parameters that is estimated in the model.

In addition, we can reformulate our proposed multinomial logistic model into a parsimonious
Markov-switching model, where the transition probability matrix is of time-varying nature, i.e.,
nonhomogeneous Markov Chains. For example, in our two countries’ case, we have a four-
state Markov chain, where a nonhomogeneous time-varying 4× 4 transition probability matrix
P(t) describing the dynamic evolution of the Markov chain depends on the vector of covariates.
Specifically, we have
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P1j(t) =


exp([1,1,1,zt]βj)

1+
∑3

k=1 exp([1,1,1,zt]βk)
, j = 1, 2, 3.,

1
1+
∑3

k=1 exp([1,1,1,zt]βk)
, j = 4.,

P2j(t) =


exp([1,0,0,zt]βj)

1+
∑3

k=1 exp([1,0,0,zt]βk)
, j = 1, 2, 3.,

1
1+
∑3

k=1 exp([1,0,0,zt]βk)
, j = 4.,

P3j(t) =


exp([1,1,0,zt]βj)

1+
∑3

k=1 exp([1,1,0,zt]βk)
, j = 1, 2, 3.,

1
1+
∑3

k=1 exp([1,1,0,zt]βk)
, j = 4.,

P4j(t) =


exp([1,0,1,zt]βj)

1+
∑3

k=1 exp([1,0,1,zt]βk)
, j = 1, 2, 3.,

1
1+
∑3

k=1 exp([1,0,1,zt]βk)
, j = 4.

2.3 Data

In our empirical application, we use the US NBER recession indicator; however, in the UK,
they do not have a business cycle dating committee and as a result, we can only use the OECD
recession indicator. We also consider various sets of economic activity predictors for Zt from
both the US and UK, which is described in Table 1. All the data are gathered from the US
FRED database and the sample period spans from 1971M03-2022M03 in monthly frequency.

We estimate the multinomial logistic model under three types of Zt specified in Table 1. The first
type of Zt we consider only contains the interest rate spread, that is, the difference between the
10 years treasury government bond rate and the 3 months treasury bill rate for both countries.
The studies by Estrella and Hardouvelis (1991) and Estrella and Mishkin (1998) interpret this
interest rate spread as the implicit slope of the yield curve and show that this slope is a key
predictor of recessions for the US economy. We consider the second type of Zt contain both
countries’ interest rate spread and the Chicago Fed’s weekly US NFCI. The main motivating
factor for including NFCI is that following the Adrian et al. (2019), they find that deteriorating
financial conditions lead to a large increase in downside risk for the GDP; intuitively, one would
expect NCFI to be a good predictor of recession for both the US and UK. Finally, the third
type of Zt we consider is a big data variant which contains the interest rate spread, US NFCI
and a large set of economic activity predictors from both countries. We classify the three types
of Zt specified in the table 1 as the M1, M2 and M3 models, respectively.

In the M2 and M3 models, the NFCI and S&P500 are weekly indicators. Although we are
modeling the probability of recessions at the monthly frequency, we decided to exploit the high-
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frequency nature of these indicators by stacking them into four vectors, w1
t , w

2
t , w

3
t and w4

t and
including it in Zt. For example, the vector w2

t consists of the second week of NFCI and S&P500
for a particular month t. A similar interpretation can be applied to the other three vectors.
Therefore, both M2 and M3 models can be considered a multinomial logistic MIDAS model,
given that we include weekly information from NFCI and S&P500.

Table 1: Data information
Data variable M1 M2 M3 Transformation Frequency

US NBER Recession indicator x x x Level Monthly

UK OECD Recession indicator x x x Level Monthly

US interest rate spread x x x Level Monthly

US interest rate spread x x x Level Monthly

US National Financial Condition Index x x Level Weekly

US Industrial Production x 4lnxt Monthly

US Housing Starts x lnxt Monthly

US All Employees, Total Nonfarm x 4lnxt Monthly

US Retail Sales x 4lnxt Monthly

US Real Manufacturing and Trade Industries Sales x 4lnxt Monthly

S&P500 x 4lnxt Weekly

UK Industrial Production x 4lnxt Monthly

UK Total Manufacturing x 4lnxt Monthly

UK Retail Sales x 4lnxt Monthly

UK Total Employment x 4lnxt Monthly

Notes: The interest rate spread for both countries are computed by taking the difference between
the 10 years treasury government bond rate and the 3 months treasury bill rate.

2.4 Bayesian Estimation

We estimate our multinomial logistic model via Bayesian inference. More specifically, we follow
Polson et al. (2013) and implement their proposed data-augmentation strategy for Bayesian
estimation of logistic models. Polson et al. (2013) shows that draws from conditional posterior
of βj can be simulated using the Polya-Gamma method, which results in a simple and efficient
Gibbs sampler. In particular, we assume the prior of βj follows

βj ∼ N (0d, B0j) , (9)
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where 0d is a d×1 vector of zeros of the prior mean and B0j is a d×d matrix of the prior covari-
ance. Next, Polson et al. (2013) shows that using the Polya-Gamma method, the conditional
posterior of βj simplifies to a Gaussian distribution for each j = 1, 2, 3.,

βj |ωj ,β−j ∼ N
(
µ(ωj),Kj(ωj , Boj)−1

)
, (10)

where ωj is a d× 1 vector of Polya-Gamma latent variables, β−j is a vector of β′s that excludes
βj , and the precision matrix and the conditional posterior mean are respectively given as

Kj(ω, Boj) = B−1
oj +

T∑
t=1

XtωtjX
′
t,

µ(ωj) = Kj(ωj , Boj)−1

 T∑
t=1

Xt

1{Yt = j} − 0.5 + ωtj log

1 +
3∑
k 6=j

exp(Xtβk)

 .
(11)

We defer the reader to Polson et al. (2013) for more details on the implementation of the above
Gibbs sampler.

Lastly, we impose a relatively non-informative prior for M1 and M2, where the prior covariance
for βj equals B0j = 10Id. Regarding the big data variant of M3, since we have a set large set
economic activity predictors in the model, we need to have some form of shrinkage in the model
to ensure parsimony and we impose Alhamzawi and Ali (2018) adaptive lasso prior

τij ∼ EXP (λij

2 ),
λij ∼ IG(a0, b0),

for i = 1, . . . d., (12)

where in (9), B0j = diag(τ1j , . . . , τdj) and we set a0 = b0 = 0.01. Note EXP and IG are denoted
here as the exponential and inverse-gamma distribution, respectively. Finally, we estimate all
three models using 10000 MCMC draws with a burnin period of 5000 draws.

3 Simulation Study

To assess the probability detection accuracy of our proposed specification, we estimate our multi-
nomial logistic model on various DGPs of different T time periods and n countries. Specifically,
we consider a DGP of the model structure to be
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Yt = Wtγ + εt, εt ∼ N(0,Σ), (13)

where Wt = [1, It−1, Xt], and set Xt ∼ N(0, 1), γ ∼ N(0, 1) and Σ ∼ IW (0.1In, n + 5). Fur-
thermore, we simulate the probability of the indicators that falls within the j-th combination
by

Φ (0n,WtγSj ,Σ) , (14)

where Φ(.) is a multivariate Gaussian cumulative density function (CDF) and Sj is a diagonal
matrix of dimension n with it’s i-th diagonal equal to −1 if the i ∈ Pj and 1 otherwise. Thus,
Itj is set to be 1 when the restriction Itj = 1{Ytj > 0} is satisfied.

We estimate the multinomial logistic model on each DGP using the above described Gibbs
sampler and impose very non-informative normal priors on βj predictors. We estimate all the
multinomial logistic models using 10000 MCMC draws with a burnin period of 5000 draws and
for 10 parallel chains. Table 2 reports the average mean absolute deviation (MAD) between the
DGP’s true probabilities and the estimated posterior mean probabilities across different T and
n. As the sample size of the data increases, the average MAD between the true and estimated
probabilities becomes smaller. Also, the accuracy of our multinomial logistic model remains
consistent as the number of countries (or binary indicators) increases.

Table 2: The Average Mean Absolute Deviation between the True Probabilities and the Esti-
mated Posterior Probabilities

No. of Time periods

No. of countries T = 100 T = 300 T = 500 T = 1000

n = 2 0.05 0.03 0.02 0.02

n = 3 0.05 0.03 0.02 0.02

n = 4 0.04 0.02 0.02 0.01

We have also plotted the estimated posterior probabilities against the true DGP probabilities for
a two-country case (n = 2) in figure 1. Figure 1 shows that the estimated posterior probabilities
track the true DGP probabilities very closely across all four possible outcomes. For majority
of the cases, peaks in the true probabilities are always captured by the estimated posterior
probabilities. Therefore, we can conclude that given sufficiently large sample size, our proposed
multinomial logistic model can accurately detect the probabilities across all the possible recession
and expansion outcomes simultaneously in multiple countries.
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posterior probabilities from the multinomial logistic model.

Figure 1: Plot of the Estimated Posterior Probabilities Against the True Posteriors for the two
country case (n = 2) and T = 500

4 Empirical Results

In this section, we present the empirical results for the US-UK application. The first and second
subsection reports the in- and out-of-sample results, respectively. Finally, the last subsection
presents the results from the counterfactual study.

4.1 In-sample analysis

In this section, we evaluate the in-sample fit of all three models using both the Estrella and
Mishkin (1998) and McFadden (1973) Pseudo R2 measures. Following Kauppi and Saikkonen
(2008), the Pseudo R2 can only take on values between 0 and 1 and can be interpreted in
the same fashion as the coefficient of determination for a standard linear regression. Table 3
reports the Pseudo R2 measures across all three models and they all provide the same Pseudo
R2 measures under both methods. This result suggests that adding US NFCI and a large set
of economic activity predictors from both countries does not provide any additional benefit in
improving the model fit. Therefore, the parsimonious model of M1 with only the interest rate
spread of both countries is sufficient to capture the recessionary events in both countries. Our
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results are consistent with the findings of the Estrella and Hardouvelis (1991) that the slope
of the yield curve is a capable predictor of a country’s economic activity. Additionally, in the
appendix, table 6 reports the Pseudo R2 measure under different lag structure l for Zt−l for M2.
However, we found no significant improvement in the model fit across the different lag structures
relative to the baseline model reported in table 3. We also found a similar outcome for both M1
and M3 too.

Table 3: The In-Sample Pseudo R2 measures across the three models
Model Estrella and Mishkin (1998) McFadden (1973)

M1 0.94 0.78

M2 0.94 0.78

M3 0.94 0.78

Given the results in Table 3, we also found that the posterior mean probabilities of the four
outcomes in (5) across all three models were virtually the same. Therefore, for ease of exposition,
we have only plotted the posterior mean probabilities from M1 in figure 2. The upper panel (a)
of figure 2 plots the posterior probabilities of recessions and expansions occurring concurrently
in both countries over time against their true derived categorical outcomes (shaded area), Yt = 1
and Yt = 2, respectively. Both graphs show that the estimated posterior probabilities can detect
approximately all the actual true categorical outcomes. For instance, there are six concurrent
recessions associated with the Yt = 1 outcome, which are 1973-75, 1980-82, 1991-92, 2002, 2007-
10 and 2021. All the estimated posterior probabilities are able to detect these six concurrent
recessions in the US and UK. According to Kose et al. (2020), four of these six distinct concurrent
recessionary periods can be classified as a global recession. They are 1975, 1982, 1991 and
2009. Furthermore, Kose et al. (2020) notes that these four recessionary periods were highly
synchronized across all countries in the world. We can also infer that the 2020-2021 recession can
be considered a global recession, given that it was largely driven by Covid-19 restrictions around
the world. However, the 2002 recession was likely due to the dot com crash and the September 11
terrorist attacks, which resulted in a sharp decline in both the US and UK stock markets. Since
the financial sector in both the US and UK play an integral role in their respective economies,
it is unsurprising that the 2002 recession impacted both the US and UK severely compared to
the rest of the world. Therefore, we can conclude that five of the concurrent recession periods
detected in both the US and UK are most likely driven by global factors and only the 2002
recession, driven primarily due to the decline in the stock markets, was exclusive to both the
US and UK economies.
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Notes: In the upper panel (a), the shaded grey (purple) bars denotes the joint recession (ex-
pansion) outcomes Yt = 1 (Yt = 2) given by the NBER and the OCED recession (expansion)
indicators for the US and UK, respectively. In the lower panel (b), the shaded grey bars denotes
the recession outcomes Yt = 3 given by the NBER recession indicators for the US. The shaded
purple bars denotes the recession outcomes Yt = 4 given by the OECD recession indicators for
the UK. The black line is the posterior probabilities for each specific outcome from model M1.

Figure 2: Plot of the In-Sample Posterior Probabilities from M1

The bottom panel (b) of figure 2 plots the posterior recession probabilities occurring exclusively
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in either country over time. Similarly, all the estimated posterior probabilities are able to
detect their actual individual specific recession dates, which are denoted as Yt = 3 and Yt = 4,
respectively. The main noticeable difference between the two countries’ recession probabilities
is that the UK has experienced more individual-specific recessions than the US. A possible
explanation for this result could be that the UK is a small open economy relative to the US,
which is more susceptible to large global shocks, as noted in the study by Aastveit et al. (2016).
Therefore, these frequent global shocks are more likely to have an adverse effect on the UK
economy than the US economy.

In summary, our in-sample analysis shows that all three models produce the exact model fit
and posterior probabilities. We find that our model specification can accurately detect all the
respective true categorical outcomes. We are able to detect four concurrent recessions in both
the US and UK that are classified as a global recession by Kose et al. (2020). Furthermore, we
find evidence that the 2002 recession was exclusive to the US and UK economies. Finally, we
found that the UK has experienced more individual-specific recessions than the US.

4.2 Out-of-sample analysis

To assess the predictability of our proposed model specification, we undertake a pseudo-out-
of-sample forecasting exercise across all three models. Specifically, we undertake an expanding
window approach and our out-of-sample evaluation period runs from 1990M2 to 2022M3. We
follow Kauppi and Saikkonen (2008) and Estrella and Mishkin (1998) and assume that both
countries’ recession dates are known with a lag of 12 months (or 1 year). This is consistent
with the average announcement release delay of the NBER business cycle committee. However,
we assume they are available in real-time for the interest rate spread and the other economic
activity predictors. For instance, if the estimation period is from 1971M03-1990M1, we assume
we have available data on the interest rate spread and the economic activity predictors up until
1991M1. Thus, we are able to make twelve projected forecasts based on these timely released
data.

To evaluate the out-of-sample forecasts across the three model specifications, we again compute
the Pseudo R2 measures of Estrella and Mishkin (1998) and McFadden (1973) for each forecast
horizon in table 4. Table 4 shows that all three models produce very similar Pseudo R2 measures,
under the two methods, for the first three step ahead forecasts. However, on average, across the
twelve forecast horizons, M2 is the best performing model out of the three models. Also, the large
set of economic activity predictors from both countries in M3 does not provide any additional
forecasting benefit since both M1 and M3 Pseudo R2 measures are virtually identical. Therefore,
our results imply that all three models have similar short-term forecasting capabilities. Adding
the high-frequency weekly US NFCI to the interest rate spread model (M1) can improve the
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medium-term forecastability of the model. Furthermore, our results are in line with the findings
of Adrian et al. (2019) that deteriorating NFCI can be a good predictor of recessions.

Table 4: The Out-of-Sample Pseudo R2 measures across the three models for different forecast
horizons

Forecast Horizon

Model h = 1 h = 2 h = 3 h = 4 h = 5 h = 6 h = 7 h = 8 h = 9 h = 10 h = 11 h = 12 Average

Estrella and Mishkin (1998)

M1 0.93 0.82 0.70 0.59 0.49 0.38 0.29 0.20 0.14 0.09 0.06 0.03 0.39

M2 0.93 0.83 0.72 0.62 0.53 0.44 0.35 0.27 0.22 0.17 0.15 0.13 0.45

M3 0.92 0.81 0.69 0.58 0.47 0.37 0.28 0.19 0.13 0.08 0.05 0.02 0.38

McFadden (1973)

M1 0.78 0.62 0.50 0.41 0.32 0.25 0.18 0.12 0.08 0.05 0.03 0.02 0.28

M2 0.79 0.64 0.52 0.43 0.35 0.28 0.22 0.17 0.14 0.11 0.09 0.08 0.32

M3 0.77 0.62 0.49 0.39 0.31 0.24 0.17 0.12 0.08 0.05 0.03 0.01 0.27

Next, we plot the one-step (month) ahead forecast posterior probabilities over time for the best
performing model, M2, in figure 3. As with the in-sample analysis, majority of the estimated
out-of-sample posterior probabilities are able to detect all their actual respective categorical
outcomes (shaded area). For instance, in panel (a) of figure 3, all the estimated posterior
probabilities are always greater than 80 per cent for most of the corresponding joint recession
and expansion outcomes. Similarly, in panel (b) of figure 3, our estimated out-of-sample posterior
probabilities can also precisely detect all the recession outcomes in the UK. However, for the US-
specific outcome, our proposed model is able to detect the early period of the Great Recession,
but the associated estimated posterior probabilities are only about 45 per cent. A possible
explanation for this result could be that the Great Recession initially originated in the US and
then spread globally. Due to this global impact, our proposed model will likely categorize the
Great Recession as the joint recession outcome of Yt = 1 than the US specific recession of Yt = 3.
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(a) Probabilities of Recessions and Expansions Occurring Concurrently in both US and UK
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(b) Probabilities of Recessions Occurring Exclusively in a Specific Country
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Notes: In the upper panel (a), the shaded grey (purple) bars denotes the joint recession (ex-
pansion) outcomes Yt = 1 (Yt = 2) given by the NBER and the OCED recession (expansion)
indicators for the US and UK, respectively. In the lower panel (b), the shaded grey bars denotes
the recession outcomes Yt = 3 given by the NBER recession indicators for the US. The shaded
purple bars denotes the recession outcomes Yt = 4 given by the OECD recession indicators for
the UK. The black line is the one step (month) ahead posterior probabilities for each specific
outcome from model M2.

Figure 3: Plot of the One Step (Month) Ahead Posterior Probabilities from M2
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To summarize, we found three key insights from our out-of-sample analysis. First, all three model
specifications have similar short-term forecasting capabilities. Second, adding the high-frequency
weekly US NFCI to the M1 can improve the medium-term forecastability of the model. Lastly,
across the twelve forecast horizons, we found that, on average, M2 is the best-performing model.
Their estimated one step (month) ahead of posterior probabilities can correctly detect all four
actual respective categorical outcomes. Furthermore, our results suggest that a parsimonious
multinomial logistic model consisting of only both countries’ interest rate spread and the US
NFCI is sufficient enough to forecast recessions in both the US and UK economies.

4.3 Counterfactual analysis

We further illustrate the utility of our proposed multinomial logistic model by undertaking five
counterfactual events to assess the potential drivers of both US and UK recessions. We undertake
the same pseudo-out-of-sample forecasting exercise as described in section 4.2. However, we only
focus on the best-performing forecasting model M2 and the evaluation period between 2018M1-
2019M2. We focus on this evaluation period since no known recessions are occurring in both
countries at that time. Also, the model’s information set until time T =2017M12 is sufficiently
large to make an appropriate inference. During this period, we generate the one-step (month)
ahead forecast for both the counterfactual event and the standard conventional real-time event
(as described in section 4.2).

We consider five counterfactual events and it is described in the table 5. The first counterfactual
event (denoted event (a)) is an increase or a tightening of US NFCI where we set w1

T+1 = w2
T+1 =

w3
T+1 = w4

T+1 = 2.5. The second counterfactual event (denoted event (b)) is that we assume a
recession occurred exclusively in the US in the previous period and we set I1T = 1, I2T = 0. The
third counterfactual event (denoted event (c)) is that we assume a recession occurred exclusively
in the UK in the previous period and we set I1T = 0, I2T = 1. Finally, for the fourth and fifth
counterfactual events (denoted event (d) and (e)), we assume a negative 2 per cent US and UK
interest rate spread at time T + 1, respectively.

Table 5 reports the average probabilities to change between each counterfactual and the con-
ventional one-step (month) ahead forecast across the evaluation period for the four categorical
outcomes. Firstly, a tightening of the US NFCI appears to cause the probability of an expansion
occurring concurrently in both countries to decline by about 30 per cent. This decline is likely
the direct result of the increase in the probability of a US-specific recession occurring by about
29 per cent. Interestingly, a tightening of the US NFCI does not appear to increase the likeli-
hood of a UK recession. Thus, this result suggests that US NFCI has a sole individual effect on
the US economy. Moreover, this result also reiterates the findings of Adrian et al. (2019) that
deteriorating NFCI is a good predictor of US recessions.
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Table 5: The average change in the probabilities between the counterfactual and the conventional
out-of-sample forecasts for the four outcomes: probability of both US and UK recessions (Yt = 1),
probability of both US and UK expansions (Yt = 2), probability of only US recession (Yt = 3)
and probability of only UK recession (Yt = 4).

Categorical Outcome

Event Counterfactual Yt = 1 Yt = 2 Yt = 3 Yt = 4

(a) An increase in US NFCI 0.1% -29.6% 29.1% 0.4%

(b) A US recession 24.5% -47.4% 8.0% 15.0%

(c) A UK recession 0.9% -91.2% -0.1% 90.3%

(d) A negative US interest rate spread 0.2% -8.2% 0.1% 7.9%

(e) A negative UK interest rate spread 0.1% -7.8% 0.8% 6.9%
Notes: The reported probabilities were first computed by taking the difference between each
counterfactual one step (month) ahead forecasts against their corresponding implicit actual
out-of-sample forecast. Next, we take the average of these differences over our counterfactual
evaluation period of 2018M1-2019M2 (a sample size of 14 evaluations). Both the counterfactual
and conventional out-of-sample forecasts were generated by M2.

In the case of recessions, conditioning on a previous US recession will increase the probability of
recessions occurring jointly in both countries by about 25 per cent. Furthermore, the probability
of individual recessions occurring in the US and UK will also increase by approximately 8 and
15 per cent, respectively. In contrast, event (c) shows that a previous UK recession has minimal
influence on future US recessions. A previous UK recession has only a sole influence on their
respective economy since the probability of a UK-specific recession occurring increases by 90
per cent. Interestingly, these findings are consistent with international economic theory. As
mentioned in the preceding section, the UK economy is a small open economy relative to the US
economy. Intuitively, one would expect the US economic performance to significantly influence
their respective and UK’s future recessions. On the other hand, we should expect that the state
of the UK economy will only influence their respective future recessions.

Finally, the last two counterfactuals show that a negative US and UK interest rate spread is
likely to increase the probability of a UK-specific recession between 7-8 per cent. Nevertheless,
a negative US interest rate spread has little effect on future US recessions. This result implies
that NFCI has more informational content than the interest rate spread in predicting the state
of the US economy. Furthermore, the results imply that a negative yield curve slope in both the
US and UK only affects the future recessions of the UK.
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5 Conclusion

We have developed a novel multinomial logistic model to detect and forecast concurrent re-
cessions across multi-countries. The main advantage of our proposed approach is that we can
exploit the additional informational content in the cross-country panel feature of the data for
detecting recessions across countries and in their respective economies. We also extend our novel
multinomial logistic model to a mixed frequency setting by incorporating a weekly US NFCI
and stock market index as exogenous predictors in the model specification. In particular, we can
explicitly test whether US NFCI is a significant predictor of recessions in the US and abroad.
Lastly, we also consider a big data variant of the multinomial logistic model where we include a
large set of economic activity exogenous predictors from the US and UK.

We conducted a series of simulated experiments for our proposed framework and found that
our proposed model’s accuracy increased as the data’s sample size became larger. Indeed, we
showed that the accuracy of our proposed model remained consistent as the number of countries
increased in the model. In terms of the empirical application, the three model specifications
produced the same in-sample fit and posterior probabilities. However, in the out-of-sample
forecasting exercise, we found the model with both countries’ interest rate spread and the weekly
US NFCI as the set of exogenous predictors to be the best performing model out of three
specifications. For the counterfactual study, we established a previous US recession will increase
the probability of a recession occurring jointly in both the US and the UK. In contrast, a
tightening of the US NFCI and a negative interest rate spread in both countries only increases
the probability of a future recession exclusively in the US and UK, respectively.

It would be interesting to apply our proposed framework to investigate the relationship between
a country’s recession and its respective bear market for future work. Quantifying a recession
probability measure conditioned on a bear market would be extremely useful for policymakers
and central banks worldwide.
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6 Appendix

Table 6: The In-Sample Pseudo R2 measures for M2 across different lag structure l for Zt−l
Lags specification Estrella and Mishkin (1998) McFadden (1973)

l = 1 0.95 0.80

l = 3 0.94 0.79

l = 6 0.94 0.77

l = 12 0.94 0.77
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